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ABSTRACT
The immune system defends the host from bacteria, fungi, parasites, and viruses. The
immune system is partially under genetic control through immune response genes, such as those
of the major histocompatibility complex (MHC) whose nucleotide variation influences the host’s
ability to recognize foreign pathogens and can influence disease susceptibility. Populations of
threatened species generally possess low levels of genetic variation, and genetically depauperate
hosts may be at greater risk of infectious disease contributing to extirpations because they also
possess low immunogenetic variation. My dissertation examines the relationship between
immunogenetic variation and disease susceptibility and the factors that influence innate immune
responses in threatened gopher tortoises (Gopherus polyphemus), which are susceptible to an
infectious and occasionally fatal upper respiratory tract disease primarily associated with
infection by Mycoplasma bacteria.
I reviewed available reptile MHC literature in Chapter 2 and found that MHC
polymorphism appears to be extensive in reptile populations, and current evidence suggests
MHC polymorphism may influence parasite resistance and mate choice as in other vertebrates. I
found that season but not sex influenced the innate immune responses of free-ranging Louisiana
gopher tortoises in Chapter 3. In Chapter 4, although I found evidence of natural selection acting
on a MHC class II locus in a range-wide sample of gopher tortoises, MHC and microsatellite
variation were correlated suggesting that generally small effective population sizes of gopher
tortoises also allow neutral genetic processes to influence MHC evolution.
I developed a software workflow that filters annotated genomes by desired gene functions
in Chapter 5, and I used this workflow to filter the western painted turtle genome by all known
immune response genes (i.e., immunome). I used the western painted turtle’s immunome to
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develop reagents to sequence the immunomes from gopher tortoises from four populations from
Louisiana to Florida in Chapter 6 and found that population genetic inferences derived from
gopher tortoise immunomes mirrored inferences from microsatellites further suggesting neutral
genetic processes are influencing immune response gene evolution. Next, I analyzed immunomes
from Florida gopher tortoises that were URTD-clinical or -non-clinical in Chapter 7 and found
several single nucleotide polymorphisms (SNPs) and insertions/deletions (indels) that were topranking variants with possible roles in Mycoplasmal-immunity. These variants were not
statistically associated with Mycoplasmal-URTD susceptibility after corrections for multiple
tests; however, this is a common outcome of genome wide association tests where the large
number of tests typically precludes statistical significance of any genetic variant. Nonetheless,
researchers pursue top-ranking variants for future research, which has yielded important results
for understanding the genetic basis of disease in agricultural crops, humans, and model
organisms. If further experimental studies and more careful examination of these genes show a
causal relationship, managers may wish to translocate tortoises from appropriate donor to at risk
populations to bolster genetic variation at these loci.

vii

CHAPTER 1: GENERAL INTRODUCTION
IMMUNE SYSTEM
The immune system defends the host from invaders such as bacteria, fungi, parasites, and
viruses. In vertebrates, there are two major divisions of the immune system: the innate and
adaptive branches. The innate branch is always active and responds quickly, recognizing nonspecific threats, while the adaptive branch is only active when specific threats are recognized and
responses are much slower than that of the innate branch (Janeway et al. 2001). Innate immune
responses are able to handle initial stages of infection while the adaptive immune response gears
up, but it is adaptive immune responses that are needed to clear many infections (Rosales &
Uribe-Querol 2013).
The innate branch consists of antimicrobial peptides, the complement system, lysozymes,
and non-specific leukocytes that recognize general characteristics common to pathogens and
parasites (Sompayrac 2016; Zimmerman et al. 2010). Antimicrobial peptides target the
membranes of fungi, bacteria, and viruses and kill these microorganisms through disruption of
membranes or internal structures (Zasloff 2002). The complement system consists of proteins
within bodily fluids that lead to lysis or opsonization (i.e., phagocytosis) of microorganisms,
which can be activated through three different pathways: the classical, alternative, and lectin,
each with its own recognition mechanisms (Seelen et al. 2005). Lysozymes are enzymes that
hydrolyze and disrupt specific bonds within peptidoglycan, a key component of bacterial cell
walls (Callewaert & Michiels 2010). Non-specific leukocytes consist of white blood cells such as
macrophages, monocytes, neutrophils/heterophils, basophils, eosinophils, and natural killer cells,
which play a variety of roles in defense against pathogens and parasites (Sompayrac 2016;
Zimmerman et al. 2010).
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The adaptive branch of the immune system consists of humoral and cellular components.
Humoral immunity involves B-cells. B-cells produce antibodies, which do not directly kill
pathogens and parasites, rather they coat invaders either neutralizing them or labeling them for
lysis by the complement system or phagocytosis by phagocytic cells such as macrophages
(Forthal 2014). Cellular immunity involves T-cells, which include cytotoxic and helper T-cells.
Cytotoxic T-cells interact with MHC class I molecules found on most vertebrate cells, while
helper T-cells interact with major histocompatibility complex (MHC) class II molecules found
on antigen (i.e., a substance that elicits a specific immune response) presenting cells (Gay et al.
1987). Antigen presenting cells sample proteins from the surrounding environment, creating
smaller protein fragments called peptides that can be loaded onto the peptide binding region of
MHC class II molecules if the peptide and MHC molecule are compatible (Fig 1.1.A).

Fig 1.1 (A) MHC class II molecule, and (B) MHC class I molecule (white) on cell membrane
(gray). The dotted area is the peptide binding region.
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Antigen presenting cells then present their MHC class II molecules loaded with antigens to the
T-cell receptors of helper T-cells and if they are compatible, the helper T-cell produce cytokines,
chemical messengers that mediate cellular interactions such as influencing humoral
immunity(Abbas et al. 1996). Vertebrate cells contain various proteasomes that recycle degraded
proteins, whose peptides can be loaded onto the peptide binding region of compatible MHC class
I molecules (Kloetzel & Ossendorp 2004; Fig. 1.1.B). These MHC class I molecules are then
read by compatible T-cell receptors of cytotoxic T-cells, and if non-self or foreign peptides are
recognized, this results in the cytotoxic T-cell killing the infected cell (Janeway et al. 2001)
Nucleotide variation in the coding domains of MHC genes, especially the peptide binding
region, can result in the production of alternative MHC molecules, and the diversity of an
individual’s molecular repertoire can affect its capacity to recognize foreign peptides pathogens
and parasites (reviewed in Sommer 2005) due to differences either in the number of distinct
MHC molecules produced (i.e., MHC heterozygosity) and/or the possession of specific MHC
molecules (i.e., MHC haplotype). MHC genes therefore have a direct link to disease and parasite
resistance, and because they appear to influence the fitness of individuals and the long-term
viability of populations, they are considered to be among the best candidates for the study of
functional/adaptive genetic variation (Burri et al. 2008).
CONSERVATION GENETICS
Conservation genetics is a broad discipline and includes managing the genetic diversity
of small population to avoid inbreeding and retain genetic variation, delineating species and
populations warranting separate management, and using genetic techniques to determine natural
history of species of conservation concern (Frankham et al. 2010). Species of conservation
concern generally possess low levels of genetic variation as estimated with putatively neutral
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markers such as microsatellites, a marker characterized by repeats of a particular genetic motif
that are neither translated nor transcribed. Although neutral loci such as microsatellites may
influence DNA folding and can be linked to functional genes that may be under selection (Li et
al. 2002; Vasemägi et al. 2005), neutral genetic variation does not affect functional traits that
influence survivorship and fitness (Meyers & Bull 2002; van Tienderen et al. 2002).
Molecular markers that do influence functional traits include MHC and other immune
response genes (i.e., immunogenetic variation) because of their association to disease
susceptibility and immune response in vertebrates. MHC heterozygosity predicts disease
susceptibility in fish (e.g., Hedrick et al. 2001), amphibians (e.g., Savage & Zamudio 2011),
birds (e.g., Westerdahl et al. 2005), and mammals (e.g., Penn et al. 2002). Likewise, particular
MHC alleles are associated with higher survivorship and/or lower levels of parasitism in Atlantic
salmon (Langefors et al. 2001), lowland leopard frogs (Savage & Zamudio 2011), house
sparrows (Bonneaud et al. 2006), and Soay sheep (Paterson et al. 1998).
STUDY SYSTEM AND OBJECTIVES
The gopher tortoise (Gopherus polyphemus), is a prime candidate for investigating the
relationship between immunogenetic variation and disease susceptibility as it is considered a
keystone species of longleaf pine forests (Eisenberg 1983), has reduced levels of genetic
variation in the western portion of its range (Clostio et al. 2012; Ennen et al. 2010; Richter et al.
2011), and is susceptible to the infectious and occassionally fatal upper respiratory tract disease
(McLaughlin 1997). Tortoise-associated habitat is also highly fragmented, and the species has
poor dispersal capabilities (Allen et al. 2006; Diemer 1992). Thus, it is imperative to understand
the implications of reduced genetic diversity and connectivity on gopher tortoise population
persistence in light of the detrimental effects of infectious disease and inbreeding.
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My primary dissertation goals are to better understand the factors that influence gopher
tortoise immune responses and how genetic variation influences URTD susceptibility in gopher
tortoises. During my review of the MHC literature of reptiles, I realized there was a gap in our
knowledge regarding reptile MHC literature: no one had summarized or synthesized this subject.
This summary and synthesis is presented in Chapter 2 and was published in the journal
Herpetological Conservation and Biology in 2016. I then investigated whether season or sex
influenced gopher tortoise innate immune responses; these results are presented in Chapter 3,
which is in draft form for publication. I next designed primers to amplify MHC genes in gopher
tortoises and compared MHC to microsatellite variation from across the range of the species to
better understand how small population sizes of gopher tortoises might influence their
susceptibility to infectious disease; these results appear in Chapter 4, which is in draft form for
publication.
The sequencing, assembly, and annotation of the first turtle genome, that of the western
painted turtle Chrysemys picta bellii, in 2013 (Shaffer et al. 2013) enabled me to expand my
research from a genetics (i.e., a few genes) to genomics (i.e., many genes) level. Leveraging the
western painted turtle genome, I could now sequence not only MHC genes but all known
immune response genes from gopher tortoises. The first task was isolating the sequences of all
known immune response genes (i.e., the “immunome”, Ortutay & Vihinen (2006)). To this end, I
developed a software workflow that filters a genome by gene ontology terms (i.e., a hierarchical
listing of genes based on their function, Ashburner et al. (2000)). This workflow is presented in
Chapter 5 and was published in journal Conservation Genetics Resources in 2015. Using the
workflow developed in Chapter 5, I was able to sequence immunomes from 16 gopher tortoises
from 4 populations along an east to west gradient (i.e., from Louisiana, Alabama, Georgia, and
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Florida) and compare immunome variation to microsatellite variation to assess, much like in
Chapter 4, if generally small population sizes of gopher tortoises negatively influences
immunome variation. These results are presented in Chapter 6, which has been accepted and is in
press in the journal Molecular Ecology Resources. Finally, I investigated how genetic variation
influences disease susceptibility in gopher tortoises. I sequenced immunomes from URTDclinical and -non-clinical gopher tortoises from Florida to determine how immunome variation
was associated with URTD susceptibility. These results are presented in Chapter 7, which is in
draft form for publication.
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CHAPTER 2: MAJOR HISTOCOMPATIBILITY COMPLEX POLYMORPHISM IN
REPTILE CONSERVATION1
INTRODUCTION
Understanding how genetic variation influences individual fitness and population
viability allows conservation biologists to develop and implement successful management plans
for species of conservation concern. While molecular markers such as microsatellites,
minisatellites, and single nucleotide polymorphisms are useful to estimate genetic variation
(reviewed in: Brumfield et al. 2003; Sunnucks 2000), these markers are not functional genes, and
therefore may not accurately estimate fitness (Meyers & Bull 2002; van Tienderen et al. 2002).
Major histocompatibility complex (MHC) genes code for proteins with a central role in disease
resistance and immune response in vertebrates (Hedrick 1999) and thus, are excellent candidates
for the study of adaptive genetic variation (Burri et al. 2008).
The two classical MHC gene groups, class I and class II, encode cell surface
glycoproteins that interact with foreign or self-peptides in a peptide binding region (PBR) and
present them to T cells. While class I molecules are present on nearly all somatic cells and
present peptides derived from intracellular pathogens to cytotoxic T cells, class II molecules
occur mainly on antigen presenting cells (APCs) such as B cells and macrophages and present
peptides derived from extracellular pathogens to helper T cells (Klein 1986). Multiple copies of

_______________________
1

This chapter previously appeared as:
Elbers JP, Taylor SS (2016) Major histocompatibility complex polymorphism in reptile
conservation. Herpetological Conservation and Biology 11, 1-12.
It is reprinted by permission of Jean P. Elbers and Herpetological Conservation and Biology —
see the permission letter in Appendix A.
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MHC genes may be present as a result of gene duplication (reviewed in Edwards & Hedrick
1998), and these copies may have acquired different functions, lower levels of polymorphism,
tissue-dependent expression patterns, or no function as is the case with pseudogenes (Janeway et
al. 2001).
Both types of classical MHC molecules are composed of protein chains divided into
distinct cytoplasmic, transmembrane, and extracellular domains that function in immune
signalling, structural anchoring, and peptide presentation respectively (Fig. 2.1).

Fig. 2.1 General structure and coding exons for classical (A) class I and (B) class II major
histocompatibility complex molecules on a cell membrane (shaded gray). The peptide binding
region for each molecule is depicted by dotted lines. Abbreviations are Ec for extracellular; Tm
for transmembrane; Cy for cytoplasmic domains; and β2-m for β2-microglobulin molecule.
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Class I molecules consist of a single α chain non-covalently bonded to a β2-microglobulin
molecule (Janeway et al. 2001; Fig. 2.1.A). The α1 and α2 domains of class I molecules make up
the PBR and are encoded by exons two and three respectively of class I genes.
Unlike class I molecules, class II molecules are formed by paired α and β chains
(Janeway et al. 2001; Fig. 2.1.B). The α1 and β1 domains form the PBR and are encoded by exon
two of separate class II α and β genes. Changes in the PBR coding exons of MHC genes can alter
the molecule repertoire of an individual and affect the capacity to recognize foreign pathogens
and parasites. Individuals may be resilient to pathogens because they possess specific MHC
molecules (rare allele advantage hypothesis, Clarke & Kirby 1966) and/or possess several
distinct molecules (heterozygote advantage hypothesis, Doherty & Zinkernagel 1975). Both
hypotheses are supported by empirical studies. MHC heterozygosity has been shown to predict
pathogen and parasite resistance in fish (e.g., Hedrick et al. 2001), amphibians (e.g., Savage &
Zamudio 2011), birds (e.g., Westerdahl et al. 2005), and mammals (e.g., Penn et al. 2002). For
example, Carrington et al. (1999) demonstrated that AIDS development is delayed in humans
with maximum heterozygosity at MHC class I loci compared to homozygotes with fewer alleles.
Likewise, particular MHC alleles are associated with higher survivorship and/or lower levels of
parasitism in Atlantic Salmon (Salmo salar; Langefors et al. 2001), Lowland Leopard Frogs
(Lithobates yavapaiensis; Savage & Zamudio 2011), House Sparrows (Passer domesticus;
Bonneaud et al. 2006), and Soay Sheep (Ovis aries; Paterson et al. 1998).
Given the fitness advantages of particular MHC alleles or heterozygosity, individuals
may preferentially select mates based on their MHC genes (Landry et al. 2001). Mates may be
chosen with advantageous genes that confer favorable traits to offspring such as disease
resistance (good genes hypothesis, Hamilton & Zuk 1982), to avoid closely related individuals to
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minimize inbreeding (inbreeding avoidance hypothesis, Potts & Wakeland 1990), or improve
compatibility (genetic compatibility hypothesis, Brown & Eklund 1994). Support for MHCdependent mate choice comes from a variety of vertebrates including Three-spine Sticklebacks
(Gasterosteus aculeatus; Reusch et al. 2001), Tiger Salamanders (Ambystoma tigrinum; Bos et
al. 2009), Ring-necked Pheasants (Phasianus colchicus; von Schantz et al. 1996), and Whitetailed Deer (Odocoileus virginianus; Ditchkoff et al. 2001).
Although many groups are well represented in the MHC literature, reptiles have received
less attention. Given that 15 % of reptile species are experiencing population declines (IUCN
2012) due to factors such as disease (Gibbons et al. 2000), understanding the implications of
MHC polymorphism on parasite resistance and mate choice are critical to the conservation of
reptiles. In this review, I summarize the available knowledge regarding MHC polymorphism in
reptile populations and review published studies investigating links between MHC
polymorphism, parasite resistance, and mate choice. I conclude by discussing the limitations of
prior research strategies, what new technologies and techniques may bring, and where future
research is needed.
MHC POLYMORPHISM, PARASITE RESISTANCE, AND MATE CHOICE IN
REPTILE POPULATIONS
Levels of MHC polymorphism in reptile populations
Through an exhaustive literature search I identified 48 publications on MHC
polymorphism studies in reptiles: 45 peer-reviewed publications and three unpublished
theses/dissertations (Table 2.1). I discuss half of these publications in the sections that follow
because the remaining publications had small sample sizes (n < 10), which were not conducive
for inferring population-level variation. Even though the first MHC sequences from reptiles were
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published in the early 1990s (see Grossberger & Parham 1992), the first report on populationlevel MHC polymorphism in reptiles came several years later using a restriction fragment length
polymorphism (RFLP) technique developed by Radtkey et al. (1996), who compared MHC class
I exon three polymorphism in parthenogenic and non-parthenogenic reproducing gecko species.

Table 2.1 Summary of MHC studies in reptiles.
MHC
Species
References
Class
Crocodilia
Family Alligatoridae
Alligator mississippiensis

I,IIα,Iiβ

Edwards et al., 1995ac; Jaratlerdsiri et al., 2014bac; cac
Shi et al., 2004ac; Liu et al., 2007c; Li et al., 2008ac;

Alligator sinensis

I,IIα,Iiβ

Caiman crocodylus

I,IIα,Iiβ

Jaratlerdsiri et al., 2014bac; cac

Caiman latirostris

I,IIα,Iiβ

Jaratlerdsiri et al., 2014bac; cac

Caiman yacare

I,IIα,Iiβ

Jaratlerdsiri et al., 2014bac; cac

Melanosuchus niger

I,IIα,Iiβ

Jaratlerdsiri et al., 2014bac; cac

Paleosuchus palpebrosus

I,IIα,Iiβ

Jaratlerdsiri et al., 2014bac; cac

Crocodylus acutus

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac; cac

Crocodylus intermedius

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac; cac

Crocodylus jonsoni

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac; cac

Crocodylus mindorensis

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac; cac

Crocodylus moreletii

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac; cac

Nie et al., 2012c; 2013c; Jaratlerdsiri et al. 2014bac; cac

Family Crocodylidae

Crocodylus niloticus
Crocodylus

I,IIα,IIβ

Badenhorst 2008c; Li et al., 2010ac; Jaratlerdsiri et al.,
2014bac, cac

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac, cac

Crocodylus palustris

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac, cac

Crocodylus porosus

I,IIα,IIβ

Jaratlerdsiri et al., 2012c, 2014aac, bac, cac

novaeguineae
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Table 2.1 continued

Crocodylus rhombifer

MHC
Class
I,IIα,IIβ

Crocodylus siamensis

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac, cac

Mecistops cataphractus

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac, cac

Osteolaemus tetraspis

I,IIα,IIβ

Jaratlerdsiri et al., 2014bac, cac

Sphenodon punctatus

I,IIβ

Miller et al., 2005ac; 2006ac; 2007c; 2008c; 2009c;
2010c; 2015ac

Sphenodon guntheri

I

Miller et al., 2008c

Natrix natrix

IIβ

Marosi et al., 2011ac

Natrix tessellate

IIβ

Marosi et al., 2011ac

Nerodia sipedon

I

Grossberger & Parham 1992ac

Hemidactylus frenatus

I

Radtkey et al., 1996b

Hemidactylus garnotii

I

Radtkey et al., 1996b

Lepidodactylus
auerolineatus

I

Radtkey et al., 1996b

Lepidodactylus lugubris

I

Radtkey et al., 1996b

Lepidodactylus moestus

I

Radtkey et al., 1996b

Lepidodactylus sp. Arno

I

Radtkey et al., 1996b

Lepidodactylus sp.
Takapoto

I

Radtkey et al., 1996b

Amblyrhynchus cristatus

I,IIβ

Glaberman & Caccone 2008ac; Glaberman et al.,
2008c; 2009ac

Conolophus subcristatus

I

Glaberman & Caccone 2008ac; Glaberman et al., 2008c

Species

References
Jaratlerdsiri et al., 2014bac, cac

Rhynchocephalia
Family Sphenodontidae

Squamata
Family Colubridae

Family Gekkonidae

Family Iguanidae
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Table 2.1 continued
Species

MHC
Class

References

Ctenosaura clarki

I

Glaberman et al., 2008c

Ctenosaura defensor

I

Glaberman et al., 2008c

Cyclura carinata

I

Glaberman et al., 2008c

Cyclura cornuta

I

Glaberman et al., 2008c

Cyclura rileyi

I

Glaberman et al., 2008c

Iguana iguana

I

Glaberman & Caccone 2008ac

Eremias brenchleyi

I

Yuan et al., 2014ac

Eremias multiocellata

I

Yuan et al., 2014ac

Eremias przewalskii

I

Yuan et al., 2014ac

Lacerta agilis

I

Madsen et al., 2000b; Olsson et al. 2003b; 2004b;
2005ab; bb

Podarcis gaigeae

I

Runemark 2012d

I

Hung 2013c

Liasis fuscus

I

Wittzell et al., 1999b; Madsen & Újvári 2006b

Ameiva ameiva

I

Grossberger & Parham 1992ac

Ctenotus taeniolatus

I

Murphy et al., 2009ac

Egernia stokesii

I

Ansari et al., 2015ac

Eulamprus tympanum

I

Murphy et al., 2009ac

Lampropholis guichenoti

I

Murphy et al., 2009ac

Niveoscincus metallicus

I

Murphy et al., 2009ac

Plestiodon chinensis

IIβ

Li et al., 2008ac

Pseudemoia
entrecasteauxii

I

Murphy et al., 2009ac

Saiphos equalis

I

Murphy et al., 2009ac

Tiliqua adelaidensis

I

Ansari et al., 2015ac

Family Lacertidae

Family Polychrotidae
Anolis sagrei
Family Pythonidae

Family Scincidae
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Table 2.1 continued
Species

MHC
Class

References

Tiliqua rugosa

I

Ansari et al., 2015ac

I

Grossberger & Parham 1992ac

Sistrurus c. catenatus

IIβ

Jaeger et al., 2014ac

Vipera berus

I

Madsen et al., 1999ab; Madsen et al., 2000b

Family Teiidae
Ameiva ameiva
Family Viperidae

Vipera ursinii rakosiensis I

Újvári et al., 2002ab

Testudines
Family Cheloniidae
Caretta caretta

I

Stiebens et al., 2013ad;bd

I

McCafferty et al., 2013ce

IIβ

Li et al., 2006ac; Li et al., 2008ac

I

Xia 1999ac; Liu et al., 2006c

Family Emydidae
Malaclemys terrapin
Family Geoemydidae
Chinemys reevesii
Family Trionychidae
Pelodiscus sinensis
a

Study used small sample size (n < 10)
Study used restriction fragment length polymorphism (RFLP)
c
Study used cloning and/or Sanger sequencing
d
Study used next-generation sequencing
e
Study used single-strand conformational polymorphism (SSCP)
b

Other research teams modified the RFLP technique of Radtkey et al. (1996) for use with other
reptiles, illustrating high MHC polymorphism in Water Pythons (Liasis fuscus; Madsen & Újvári
2006; Wittzell et al. 1999), Sand Lizards (Lacerta agilis; Madsen et al. 2000), in some (Madsen
et al. 2000) but not all European Adders (Vipera berus; Madsen et al. 1999), but not in
Hungarian Meadow Vipers (Vipera ursinii rakosiensis; Újvári et al. 2002).
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Using MHC sequences, researchers find that many reptile populations possess extensive
MHC class I polymorphism. For example, 26 Tuataras (Sphenodon punctatus) from a large
population on Stephen’s Island, New Zealand have at least 21 highly divergent (i.e., nucleotide
diversity, π = 0.193) MHC class I exon two alleles (Miller et al. 2007). As these alleles come
from multiple loci, however, polymorphism is likely overestimated. Other reptiles such as
Loggerhead Sea Turtles (Caretta caretta) from the Cape Verde Islands (Stiebens et al. 2013a;
Stiebens et al. 2013b), Saltwater Crocodiles (Crocodilus porosus) from Australia (Jaratlerdsiri et
al. 2012), Skyros Wall Lizards (Podarcis gaigeae) from the Aegean Sea (Runemark 2012),
invasive Brown Anoles (Anolis sagrei) from Florida (Hung 2013), and additional Tuatara from
other islands around New Zealand (Miller et al. 2010) also possess high MHC class I
polymorphism though these sequences come from multiple and potentially different types of
MHC loci. In contrast, there are exceptional reptile populations that lack MHC class I
polymorphism, potentially as a result of population bottlenecks. For instance, Brother’s Island
Tuataras (Sphenodon guntheri), which survive only on North Brother’s Island, New Zealand,
may have only three MHC class I exon two alleles based on analysis of 27 individuals (Miller et
al. 2008). Furthermore, 59 Diamond-backed Terrapins (Malaclemys terrapin) from three
populations in Cape Cod, Massachusetts share a single allele at a particular MHC class I exon
three locus (McCafferty et al. 2013).
As few studies have investigated MHC class II polymorphism in reptile populations, a
general pattern of MHC class II polymorphism is not clear in reptiles, and population data are
currently only available from two crocodilians (Table 2.1). For example, 45 Nile Crocodiles
(Crocodylus niloticus) from Botswana and South Africa possess at least 28 MHC class II β exon
two alleles, but only nine highly divergent alleles come from at least two classical loci

19

(Badenhorst 2008). In another crocodilian, the Chinese Alligator (Alligator sinensis), analysis of
21 individuals suggests at least 16 weakly divergent (π = 0.031) MHC class II β exon three
alleles (Nie et al. 2013), but low polymorphism is not surprising as exon three does not form the
PBR of class II molecules (Fig. 2.1.B) and is thus less variable than exon two of class II β genes.
Parasite resistance
Three published accounts have investigated a link between MHC polymorphism and
parasite resistance in reptiles. These accounts assessed MHC class I exon three variation using
RFLP analysis and found specific MHC genotypes influenced parasite loads (Madsen & Újvári
2006; Olsson et al. 2005a; Olsson et al. 2005b). Olsson et al. (2005a) assessed the relationship
between tick load and levels of the physiological stress hormone corticosterone in male Sand
Lizards and found that tick loads and corticosterone levels are positively correlated in some but
not all individuals. The exceptions are males with a particular RFLP-determined MHC genotype
(termed O-males) that have decreased tick loads with increasing corticosterone levels, are more
successful in mate acquisition and guarding, and also sire more young. As corticosterone
suppresses the immune system, O-males should have increased susceptibility to parasites;
however, O-males may invest heavily in combating ticks and reproduction early in the breeding
season at the expense of being more susceptible and having more haemoprotozoan blood
parasites transmitted by ticks later (Olsson et al. 2005b). Water Pythons with an intermediate
number of RFLP bands have the lowest levels of haemoprotozoan blood parasites (Hepatozoon
sp.), and specific RFLP bands are also correlated with lower blood parasite loads (Madsen &
Újvári 2006). In both Sand Lizards and Water Pythons, however, it is not apparent whether
seasonal variations in temperature and hormone levels may also influence susceptibility to
parasites and potentially bias results (see Discussion). Finally, haemoprotozoan blood parasites
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were examined, most of which are not considered pathogenic in reptiles (Jacobson 2007). These
parasites cause intracellular infections of erythrocytes, which may not express MHC class I
molecules. Without MHC class I presentation, infected erythrocytes would need to be
phagocytized by APCs such as macrophages, and parasite-derived antigens would need to be
loaded onto MHC class II molecules of APCs. Considering these limitations, it is not clear if
MHC polymorphism influences parasite loads in reptiles.
Mate choice
Three studies addressed whether MHC polymorphism influences mate choice in reptiles.
Olsson et al. (2003) used odor association as a proxy for mate choice and found female Sand
Lizards associated more with odors of males with dissimilar MHC genotypes (based on percent
RFLP band sharing), but the number of RFLP bands possessed by males did not influence odor
preference. In field trials, Olsson et al. (2003) further found that male Sand Lizard body mass is
negatively correlated with MHC similarity between observed mating pairs suggesting that larger
males preferentially mate with more MHC-dissimilar females. Whether Sand Lizards can assess
quality of mates through MHC-mediated odors is unknown, but mammals appear to discriminate
odors based on MHC class I genotypes (reviewed in Penn 2002). Tuataras also show some
evidence for MHC-dependent mate choice as the amino acid composition of MHC class I exon
two alleles are more dissimilar between mated than randomly chosen pairs within the same study
area (Miller et al. 2009); however, this pattern of MHC dissimilarity may be due to social
structuring because unrelated individuals generally reside within the same area. Brown Anoles
show some evidence of MHC-dependent mate choice as females in the laboratory copulated
more frequently with males that possessed different MHC genotypes than their own (Hung
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2013). Accordingly, these limited data suggest MHC polymorphism may also influence mate
choice in reptiles, but further studies in reptiles with differing mating systems would be fruitful.
DISCUSSION
Limitations of prior research strategies
Researchers have made great strides in reptile MHC research; however, several important
limitations include: (1) the type of molecular markers used; (2) the nature of the sequences being
amplified; (3) the number of individuals and populations analyzed; (4) the uncertainty of relying
on red blood cell parasitism without understanding how these parasites relate to MHC
expression; and, (5) the conditions under which subjects are studied. First, almost one quarter of
reptile MHC studies and nearly one half of the studies with suitable sample sizes in Table 2.1
used RFLP markers. RFLPs are difficult to use in inter-specific comparisons and may not
accurately estimate polymorphism because probes may hybridize to non-MHC fragments
(Wittzell et al. 1999), thus analysis of sequence polymorphism is preferable in comparative
studies. Second, amplified reptile MHC sequences may represent products from multiple and/or
potentially different types of MHC loci. If multiple loci are amplified for one species but not
another, then polymorphism comparisons would not be appropriate. Likewise, polymorphism
would be biased if reptile MHC sequences come from a mixture of classical, non-classical, and
pseudogene MHC loci. Third, the number of individuals and populations analyzed is problematic
as nearly half of the studies in Table 2.1 used fewer than 10 individuals, and only a handful
included multiple populations.
Small sample sizes probably result in poor estimates of true population-level variation.
Surveying multiple sites would be useful to identify populations that are lowest in MHC
diversity and may therefore have reduced population viability and evolutionary potential
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(Piertney & Oliver 2006). Fourth is the association of reptile MHC class I polymorphism with
non-pathogenic red blood cell (RBC) parasites considering RBCs do not have MHC class I
expression. For this association to be true, parasitized RBCs would need to be digested by
macrophages, pathogen fragments loaded onto MHC class II molecules of macrophages, and
then MHC class II alleles be in linkage to MHC class I alleles. Fifth, perhaps of greatest interest
but most neglected, are the environmental conditions under which reptiles are studied when
investigating the relationship between MHC polymorphism and parasite resistance.
Because reptiles are ectotherms, their immunity and hence susceptibility to pathogens
may vary dramatically depending on the time of year (reviewed in Zapata et al. 1992) due partly
to temperature changes but also seasonally correlated changes in anatomy and physiology
(Origgi 2007). For example, skin graft assays, which assess immune response to foreign tissue
grafts from individuals of the same or different species via MHC molecule recognition, are
influenced by season and prior exposure in Ocellated Skinks (Chalcides ocellatus). Initial signs
of rejection appear earlier in skinks receiving a second set of skin grafts than in skinks receiving
their first set of skin grafts in winter but not summer (Afifi et al. 1993). How temperature
influences MHC-mediated immune response is not clear in reptiles. Studies in fishes suggest
temperature may influence generation and activation of immature helper T cells (Bly & Clem
1992). Given the strong correlations between temperature and seasonal variation in reptilian
immune responses, reptiles and other ectotherms offer special challenges in studies trying to
determine the influence of genetic variation on disease resistance. Estimates of variance in
immune response under a temperature and/or seasonal variable may thus provide new insights on
the influence of MHC genes.
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What new technologies and techniques may bring
New technologies and techniques promise to greatly expand our knowledge and
understanding of MHC polymorphism in reptile and vertebrate populations. Here I consider the
potential application of genome walking, genome assemblies, genome libraries, and nextgeneration sequencing technologies to MHC studies in reptiles. Genome walking is an allencompassing term for PCR-based strategies used to extend characterized genomic regions that
has only recently become widely used in MHC characterization (Babik 2010). By extending
partial MHC exon sequences, genome walking can facilitate development of locus-specific
primers for MHC alleles through careful placement of primers in the introns flanking the exon of
interest and help researchers eliminate multi-locus amplification (e.g., Kiemnec-Tyburczy &
Zamudio 2013). MHC sequences derived from genome assemblies will also be valuable in
characterizing reptile MHC genes. For example, the genome assembly for the Green Anole
(Anolis carolinensis) has already been leveraged for MHC primer development in other
Squamates (e.g., Murphy et al. 2009; Runemark 2012). Genome assemblies may further help to
reduce multiple locus amplification and differentiate the type of MHC locus isolated in reptile
MHC studies but only if the assemblies contain abundant MHC sequence data, which is not
always the case as early drafts of genome assemblies often contain gaps in the MHC region.
Genome library screening using MHC sequences as probes can also improve MHC locus
characterization especially if large DNA fragment libraries (i.e., cosmid, fosmid, or bacterial
artificial chromosome) are generated and screened.
Next-generation sequencing technologies (NGS) will not only facilitate the
characterization of MHC genes by making it economically possible to sequence reptile genomes
and genome libraries but will also help to increase the number of individuals and populations
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assessed. For example, amplicon sequencing allows the MHC variants of hundreds of individuals
to be simultaneously sequenced without extensive cloning of PCR products, an approach that
significantly lowers costs and labor. Nevertheless, the resulting data analyses can prove
challenging even when using 454 pyrosequencing or Illumina MiSeq sequencing by synthesis,
which are well suited for MHC genotyping given their long read lengths (Babik 2010). Target
enrichment, or sequence capture, (reviewed in Mamanova et al. 2010) is another NGS
technology of great value to MHC studies, especially considering multiple MHC loci as well as
others can be targeted simultaneously. For example, Elbers & Taylor (2015) sequenced all
known immune response genes among 16 Gopher Tortoises (Gopherus polyphemus) using target
enrichment with baits developed by filtering the Western Painted Turtle (Chrysemys picta bellii)
genome by the gene ontology term Immune Response and found polymorphic single nucleotide
polymorphisms in the coding regions of 491 immune genes and 12 MHC genes. Sequencing
transcriptomes (e.g., Wang et al. 2012) from reptiles that do not currently have a closely related
reference genome available is another NGS procedure of great value to MHC studies.
Researchers could sequence transcriptomes from reptile lymphoid tissues including the thymus,
spleen, gut-associated lymphoid tissue (GALT) and bone marrow (Zimmerman et al. 2010),
mine the transcriptomes for MHC and other immune genes, develop baits to use in target
enrichment experiments, and sequence desired immune genes.
Where future research is needed
Knowledge of MHC polymorphism would be especially useful in those reptiles that are
species of conservation concern and are susceptible to infectious diseases. For instance, North
American tortoises (Gopherus sp.) can contract an infectious upper respiratory tract disease
associated with pathogens such as the bacteria Mycoplasma agassizii, and the disease has been
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implicated as a potential cause of tortoise die-offs (Brown et al. 1994). In Eastern Box Turtles
(Terrapene carolina carolina), even though the prevalence of Ranavirus may be low (Allender et
al. 2011a), infection outbreaks still pose a significant threat as Ranavirus may have caused 27
deaths over two years in a Maryland population (Scott Farnsworth, pers. comm.). In another
chelonian, the Green Sea Turtle (Chelonia mydas), tumors containing chelonid fibropapillomaassociated herpesvirus (Herbst et al. 2004) can occlude the eyes and mouth, eventually leading to
starvation, which may jeopardize long-term persistence. North American rattlesnakes such as the
Eastern Massasauga (Sistrurus c. catenatus) can succumb to a flesh-eating Chrysosporium
fungus (Allender et al. 2011b). Eight Chrysosporium-attributed mortalities occurred in a
southern Illinois population of 50–60 snakes (Choquette 2012). Although these examples are
restricted to North America due to a lack of data collected elsewhere, they demonstrate that
disease in reptiles is common enough to warrant concern about factors affecting disease
susceptibility.
Climate change may also influence disease susceptibility in reptiles by affecting the
distribution, prevalence, and severity of pathogens (Altizer et al. 2001). On the one hand, climate
change may influence pathogens and/or their vectors. For example, environmental temperature is
positively correlated with prevalence of several avian blood pathogens along an altitudinal
gradient in Australia, possibly due to temperature constraints on the developing pathogens whilst
in their vectors (Zamora-Vilchis et al. 2012). On the other hand, climate change may affect the
host. For instance, fungal disease susceptibility may be influenced by climate change in Timber
Rattlesnakes (Crotalus horridus) as disease prevalence increased during abnormally wet years
but only for inbred populations (Clark et al. 2011). Given the probable impact of climate change,
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it is becoming increasingly important to understand the mechanisms of disease resistance in
reptiles of conservation concern.
CONCLUSIONS
Much progress has been made in the 24 years since the Grossberger & Parham (1992)
publication of the first reptile MHC sequences: MHC polymorphism appears to be extensive in
surveyed reptile populations and to also influence parasite resistance and mate choice as in other
vertebrates. Prior studies, however, may have analyzed sequences from multiple MHC loci and
not accounted for temperature and/or seasonal variation in reptilian immune responses. Previous
research has also examined parasites that are not considered pathogenic in reptiles. Thus a better
understanding of amplified sequences, the influence of temperature on reptilian immune
responses, and host-parasite relationships would greatly enhance our understanding of MHC
polymorphism in this currently neglected group. Additional MHC surveys could benefit those
reptiles threatened by infectious disease by elucidating which populations are at greatest risk and
which would be best suited as donors to augment genetic diversity of potentially compromised
populations.
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CHAPTER 3: SEASONAL BUT NO SEX EFFECTS IN GOPHER TORTOISE
(GOPHERUS POLYPHEMUS) INNATE IMMUNITY
INTRODUCTION
The ability of an organism to mount an effective response to pathogens depends on a
properly functioning immune system. Individual components of the immune system are
influenced by developmental, genetic, and physiological factors, which mediate the strength and
consistency of the immune response (reviewed in Ardia et al. 2011). Some of these factors may
vary depending on age, sex, or time of year. For example, physiological factors vary throughout
the year coinciding with seasonal changes that influence resource availability. Seasonality thus
results in tradeoffs in the allocation of limited resources for growth, reproduction, and defense
including immune responses, which can influence the dynamics of infectious disease (Altizer et
al. 2006; Martin et al. 2008).
In reptiles, we know little about the effects of seasonality on immune response, even
though season is directly related to temperature, and reptile internal temperatures typically
correlate to environmental ones. Although prior research suggests that seasonal differences in
immunity of many reptiles correlate with changes in temperature and/or hormone levels
(reviewed in: Origgi 2007; Zapata et al. 1992; Zimmerman et al. 2010), it is not clear how
different components of the reptile immune system vary in response to changing seasons. For
example, constitutive innate immune function is lowest in winter in desert tortoises (Gopherus
agassizii) but lymphocyte counts (i.e., B cell, T cell, Natural killer cells), which influence
cellular, humoral, and innate immunity are highest in winter (Sandmeier et al. 2016).
The effects of seasonality on immune responses may benefit management of the gopher
tortoise (Gopherus polyphemus), a reptile and a species of conservation concern in the
southeastern United States. Gopher tortoises produce extensive burrows and are terrestrially
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active from spring to autumn, spending most if not all of winter within their burrows (Ashton &
Ashton 2008; Douglass & Layne 1978). These tortoises are able to regulate their body
temperatures behaviorally through basking or seeking refuge in shade such as their burrows
(Douglass & Layne 1978). Little is known regarding seasonal changes in gopher tortoise immune
responses, but there are seasonal changes in key components of the gopher tortoise immune
system. White blood cell counts (i.e., the number of white blood cells in a blood sample) are
higher in spring than autumn in Florida and Louisiana gopher tortoises (Diaz-Figueroa 2005;
Taylor & Jacobson 1982). Heterophils (i.e., the reptilian equivalent of neutrophils, which fight
microbial invasions and participate in inflammation) are higher in spring than autumn for
Louisiana but not Florida and Alabama gopher tortoises (Diaz-Figueroa 2005; Goessling et al. in
press; Taylor & Jacobson 1982). Monocytes (i.e., phagocytic white blood cells that mature into
macrophages) are higher in spring than autumn in Florida and Alabama but not Louisiana gopher
tortoises (Diaz-Figueroa 2005; Goessling et al. in press; Taylor & Jacobson 1982). Interestingly,
lymphocyte counts are not different between spring and autumn in gopher tortoises from
Alabama, Florida, or Louisiana (Diaz-Figueroa 2005; Goessling et al. in press; Taylor &
Jacobson 1982). Goessling et al. (in press) also found that constitutive innate immunity in gopher
tortoises was higher in summer than in autumn. These findings suggest that gopher tortoises may
have reduced or compromised cellular, humoral, and innate immune responses in autumn relative
to spring and that summer innate immune responses may be greater than in autumn.
Gopher tortoises are also susceptible to the infectious and occassionally fatal upper
respiratory tract disease (URTD, Brown et al. 1999). URTD in gopher tortoises is characterized
by nasal discharge and tearing and is associated with lethargy and loss of appetite, which can
eventually lead to dehydration, emaciation, and mortality (Jacobson et al. 1991). While several
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pathogenic agents have been associated with the clinical signs of URTD in tortoises (Brown et
al. 2004; Brown et al. 1999; Johnson et al. 2006; Johnson et al. 2008; McLaughlin et al. 2000),
inoculation of gopher tortoises with M. agassizii and M. testudineum, induces URTD clinical
signs (Brown et al. 2004; Brown et al. 1999), so most URTD studies focus on Mycoplasma spp.
Gopher tortoises exposed to Mycoplasma are expected to have pathogen DNA in nasal swab or
flush samples as detected through culture and/or PCR and/or specific antibody production
through an enzyme-linked immunosorbent assay (ELISA, Braun et al. 2014; Diemer Berish et al.
2010; Karlin 2008; McLaughlin et al. 2000; Smith et al. 1998; Wendland et al. 2010). Adult
gopher tortoises are more likely to be found with antibodies against Mycoplasma than immature
individuals, and males are more likely to be found with Mycoplasma antibodies than females
(Wendland et al. 2010), possibly because males have larger home ranges (McRae et al. 1981)
and are more likely to come into contact with pathogens through more frequent intra-specific
interactions than females (Auffenberg 1969).
Here I examine how season and sex influence: 1) gopher tortoise production of
Mycoplasma antibodies; 2) presence/absence of these bacteria in gopher tortoise nasal flushes as
measured with qPCR, and; 3) innate immune response as measured by microbiocidal killing
assays. I hypothesize that tortoises will be more likely to test positive and have stronger innate
immune responses in spring/summer compared to summer/autumn given previous research
findings (Diaz-Figueroa 2005; Goessling et al. in press; Taylor & Jacobson 1982). I also
hypothesize that males will be more likely to test positive for antibody production and presence
of Mycoplasma than females as males often travel further, and thus come into contact with a
greater number of individuals, potentially increasing their exposure to Mycoplasma.
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METHODS
Study Site
I studied gopher tortoises at the Sandy Hollow Wildlife Management Area
(30°50'23.1"N, 90°25'07.1"W) in southeastern Louisiana. Sandy Hollow (4,282 acres) is
comprised of upland rolling hills covered in a young longleaf/loblolly pine mix with hardwoods
in lower, wetter areas. It is currently managed for wildlife such as bobwhite quail and is divided
into a larger northern and a smaller southern tract by LA Hwy 10. I sampled tortoises in the
northern tract, which is within the range of the species, but does not have a historic gopher
tortoise population in contrast to the southern tract. Rather than native tortoises, the northern
tract harbors ‘waif’ animals, individuals of unknown origin released by the Louisiana
Department of Wildlife and Fisheries (LDWF) as part of a gopher tortoise reintroduction
program started in 1989. Between 1989–2002, 79 tortoises were released into the northern tract
(Maxit 2002), and in the years following and even to the present day, more tortoises have been
released (Keri Landry, LDWF, pers. comm.).
Sampling
Field work was conducted during two sampling sessions in 2013 at Sandy Hollow: late
spring/early summer (10–28 June; hereafter “June” sampling period) and late summer/early
autumn (16–25 September; hereafter “September” sampling period). I captured adult tortoises
(i.e., carapace length of males ≥ 180 mm and females ≥ 220 mm, Diemer & Moore (1994)) with
Havahart # 1089 live traps (Woodstream Corp.; St. Lititz, PA, USA) placed at the entrance of
burrows covered in burlap cloth. All research was conducted with the approval of the Louisiana
State University Agcenter IACUC (A2013-01) and under LDWF permit LNHP-12-097.
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Mycoplasma antibody production: plasma ELISA assays
After capture, I immediately collected ca. 1 mL blood from each tortoise using
venipuncture of the subcarapacial venous sinus and stored half of the blood sample in a 1.5-mL
tube containing 1000 µL Queen’s lysis buffer (Seutin et al. 1991) for molecular analysis and the
other half in a BD plasma microtainer # 365971 (Becton, Dickinson and Company; Franklin
Lakes, New Jersey, USA). Blood in microtainers was inverted 10 times, immediately centrifuged
for 90 seconds to separate blood cells from plasma, and placed on ice until return to the
laboratory, where it was aliquoted and then stored at -20 ºC. I retained 200 µL plasma for ELISA
analysis (Wendland et al. 2007) performed by the University of Florida’s Tortoise Mycoplasma
Lab to determine if tortoises had developed antibodies against M. agassizii and M. testudineum.
The remaining frozen plasma aliquots were used to measure immune responses in vitro with
microbiocidal killing assays (see below).
Presence/absence of Mycoplasma: nasal lavage qPCR assays
Following venipuncture, I took morphometric measurements of tortoises and then
performed a nasal flush. Briefly, I positioned the tortoise at a 45 degree angle with the head
down and cleaned the outside of tortoise’s nares and mouth with water and then alcohol swabs.
Next, I opened the tortoise’s mouth and held it open with a clean BD microtainer. Then, I
instilled 5 mL 0.9 % sterile saline solution using a 10-mL syringe fitted with a 22 gauge 1” IV
catheter into the left nare and collected the exudate from the open mouth into a 120-mL sterile
specimen container. I repeated this procedure for the right nare, closed the specimen container,
and placed it on dry ice. Nasal flushes were stored on dry ice then at -80 ºC until thawed at which
point 1000 µL flush was added to 200 µL SP4 Glucose broth # R20057 (Thermo Scientific;
Pittsburgh, PA, USA). Frozen aliquots were submitted for qPCR analysis to detect presence of
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M. agassizii and/or M. testudineum (Braun et al. 2014) by the Amphibian Disease Lab/Wildlife
Disease Laboratory of the San Diego Zoo Institute for Conservation Research.
Immune response: microbiocidal killing assays
To quantify innate immune response, I used a functional measure of pathogen control,
which tests the antimicrobial capacity of whole blood or plasma in vitro (Millet et al. 2007). In
this procedure, whole blood or plasma is extracted, mixed with known amounts of a particular
microorganism, and incubated to allow blood components to interact with the microorganisms.
The microbiocidal capacity of the blood or plasma is then determined by the difference between
the final and initial number of microorganisms, which is measured by the number of colony
forming units (CFUs) on agar plates. Thus, this protocol gives an overall measure of constitutive
innate immune function. I performed microbiocidal killing assays using plasma stored at -20 ºC
for less than 4 months (storage for 4 months did not affect microbiocidal killing percent – data
not shown) following methods from Millet et al. (2007). Briefly, I used two lyophilized
Epower™ microorganism preparations from Microbiologics Inc. (St Cloud, MN, USA):
Escherichia coli ATCC # 8739 and Candida albicans ATCC # 10231. I resuspended lyophilized
microorganism cultures following manufacturer instructions then diluted cultures such that there
was ~200 CFUs in 5 uL for E. coli or ~100 CFUs in 20 uL for C. albicans (hereafter, working
solution). Each bacterial killing assay sample consisted of 10 µL plasma, 90 µL PBS (phosphate
buffered saline), and 5 µL of the working solution of E. coli or 20 uL of the working solution of
C. albicans. I incubated E. coli samples for 0.5 hour and C. albicans for 3 hours both at 34 ºC.
Next, I plated 50 µL of each sample on replicate tryptic soy agar plates, inverted the plates, and
incubated them for 12 hours (E. coli) or 24 hours (C. albicans) at 34 ºC. Controls consisted of 4
agar plates with 100 µL PBS and 5 µL of the working solution of E. coli or 20 uL of the working
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solution of C. albicans plated immediately after adding microorganisms. After the end of
incubation (i.e., 12 or 24 hours), CFUs were counted on plates, and microbiocidal killing percent
was calculated as (mean number of colonies of controls - mean number of colonies of
sample)/mean number of colonies of controls * 100 (Zysling et al. 2009).
Statistical Analyses
I performed several univariate statistical analyses implemented in R (Team 2016) and
SAS 9.3 (SAS Institute Inc., Cary, NC, USA). For Mycoplasma antibody and presence/absence
analyses, I used PROC Mixed in SAS to perform generalized linear mixed effect models
(GLMMs) to examine the influence of the independent variables season, sex, and the interaction
of season and sex on the dependent variable antibody titer level or presence/absence with each
type of Mycoplasma analyzed separately. For both GLMMs, id was the subject and random
effect to account for repeated measures, and I used the variance components covariance matrix.
Antibody data did not follow a normal distribution and were cosine transformed.
For immune response analyses, I performed three analyses. In the first analysis, I
regressed microbiocidal killing percent between the two microorganisms for the same plasma
sample using the glm function in R to determine if microbiocidal killing was correlated between
the microorganisms. In the next two analyses, I used PROC Mixed in SAS again to perform
GLMMs to examine the influence of the independent variables season, sex, and the interaction of
season and sex on the dependent variable microbiocidal killing percent with each microorganism
analyzed separately. For both GLMMs, id was the subject and random effect to account for
repeated measures, and I used the variance components covariance matrix.
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RESULTS
I collected antibody, presence/absence, and immune response data from 12 different
gopher tortoises (6 females, 6 males, Table 3.1). Seven animals were tested once during a single
sampling session, and 5 animals were tested twice during both sampling sessions for a total of 17
observations (Table 3.1).
Mycoplasma antibody production: plasma ELISA assays
Gopher tortoise SH22+9 had an antibody titer level of 64 and was considered positive for
M. agassizii. The remaining tortoises were either suspect (antibody titers of 32) or negative
(titers < 32) for M. agassizii. Five gopher tortoises were tested twice, once in June and again in
September. M. agassizii titer levels did not change in SH005, SH228, and SH071 but did change
from 32 to < 32 in SH002 and SH014. There were no gopher tortoises considered positive for M.
testudineum (antibody titers ≥ 128), they were either suspect (antibody titers of 64 or 32) or
negative (antibody titers < 32). Of the five tortoises tested twice, once in June and again in
September, M. testudineum titer levels did not change for SH005, SH228, and SH014. M.
testudineum titer levels did change from < 32 to 32 for SH071 and from 64 to 32 for SH002.
The antibody titer level for M. agassizii was not significant for season (F = 6.10, df = 1
and 3, P = 0.090), sex (F = 0.41, df = 1 and 3, P = 0.567), or the season by sex interaction (F =
4.36, df = 1 and 3, P = 0.138). In M. testudineum, the antibody titer level was not significant for
season (F = 0.46, df = 1 and 3, P = 0.547), sex (F = 0.41, df = 1 and 3, P = 0.566), or the season
by sex interaction (F = 0.10, df = 1 and 3, P = 0.777).
Presence/absence of Mycoplasma: nasal lavage qPCR assays
No gopher tortoises were positive for the presence of either Mycoplasma species.
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Table 3.1 Summary of gopher tortoise production of Mycoplasma antibodies and immune
response as measured by microbiocidal killing assays. Negative microbiocidal killing percent
values indicate microorganisms grew better with plasma than without. Presence/absence data of
Mycoplasma bacteria in gopher tortoise nasal flushes are not shown because all assays were
negative.
Antibody production
Microbiocidal
interpretation (titer level)
Id

Sex

killing percent

Season
M. agassizii

E.

C.

coli

albicans

M. testudineum

1

SH002

Male

June

Suspect(32)

Suspect(64)

1.07

43.60

2

SH014

Male

June

Suspect(32)

Suspect(32)

42.11

33.95

3

SH071

Female

June

Suspect(32)

Negative(<32)

27.11

33.21

4

SH22+9

Male

June

Positive(64)

Suspect(32)

66.00

33.21

5

SH228

Female

June

Negative(<32)

Suspect(32)

-1.99

20.59

6

SH005

Male

June

Negative(<32)

Negative(<32)

50.38

36.92

7

SH270

Female

June

Negative(<32)

Suspect(32)

59.88

28.76

8

SH018

Female

September Negative(<32)

Negative(<32)

-14.24

30.24

9

SH228

Female

September Negative(<32)

Suspect(32)

33.84

40.63

10

SH071

Female

September

Suspect(32)

37.21

30.98

11

SH031

Male

September Negative(<32)

Suspect(32)

61.41

59.18

12

SH079

Male

September Negative(<32)

Suspect(64)

4.13

30.24

13

SH005

Male

September Negative(<32)

Negative(<32)

60.18

16.14

14

SH002

Male

September Negative(<32)

Suspect(32)

26.19

21.34

Suspect(32)
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Table 3.1 continued

Id

Sex

Antibody production

Microbiocidal

interpretation (titer level)

killing percent

Season
M. agassizii

E.

C.

coli

albicans

M. testudineum

15

SH204

Female

September Negative(<32)

Negative(<32)

29.86

36.92

16

SH014

Male

September Negative(<32)

Suspect(32)

70.90

69.57

17

SH240

Female

September Negative(<32)

Suspect(32)

95.41

76.25

Immune response: microbiocidal killing assays
Microbiocidal killing percent of E. coli was correlated with microbiocidal killing percent
of C. albicans using all data points (R2 = 0.267, F = 6.531, df = 1 and 15, P = 0.022, Fig. 3.1);
however, this correlation appears to be driven by microbiocidal killing assays of data points 11,
16, and 17, and without these points, there is no correlation (R2 = 0.077, F = 0.070, df = 1 and
12, P = 0.796). However, looking at plots of residual versus fitted points, quantile-quantile plots,
and residuals versus leverage, data points 1, 8, 13, and 17 appear to outliers or points with
extreme leverage. Removing points 1, 8, 13, and 17 strengthened the correlation (R2 = 0.36, F =
7.75, df = 1 and 11, P = 0.018).
In E. coli, the percentage of microbiocidal killing was significant for season (F = 11.11,
df= 1 and 3, P = 0.045) but not sex (F = 0.17, df= 1 and 3, P = 0.711), or the season by sex
interaction (F = 0.01, df= 1 and 3, P = 0.916) (Fig. 3.2.A). E. coli microbiocidal killing percent
was greater in the September than June sampling session. In C. albicans, the percentage of
microbiocidal killing was not significant for season (F =1.09, df= 1 and 3, P = 0.373), sex (F =
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0.11, df= 1 and 3, P = 0.761), or the season by sex interaction (F = 0.59, df= 1 and 3, P = 0.499)
(Fig. 3.2.B).
DISCUSSION
Gopher tortoise exposure to Mycoplasma was estimated using two approaches, which
suggested that few waif animals at the northern tract of Sandy Hollow are exposed. Specifically,
only one individual was positive for antibody production against M. agassizii and no individuals
had detectable levels of Mycoplasma in their nasal flushes.
A single antibody positive Mycoplasma assay may indicate that the reintroduction
population at the northern tract of Sandy Hollow is largely free of Mycoplasmal-URTD, which is
important for ongoing conservation efforts. Further, the one M. agassizii positive animal may
have been free of major infection from the bacterium as it had a low positive titer of 64, which
may be too low of a cutoff for indicating a true positive. Although the other animals were either
Mycoplasma suspect or negative, this does not mean these animals were never exposed to
Mycoplasma. When gopher tortoises were first released at the northern tract of Sandy Hollow in
1989, they were not screened using a Mycoplasma ELISA because the test was not developed
until 1993 (Schumacher et al. (1993); later refined in 2007 by Wendland et al. (2007)). Before
release at the northern tract of Sandy Hollow, gopher tortoises were examined physically and
only released if not presenting Mycoplasmal-URTD clinical signs, but given the chronic nature
of Mycoplasma infections (Brown et al. 1999), it is possible that some animals could have been
infected with Mycoplasma but were not presenting clinical signs when examined. Further,
antibody production against Mycoplasma is not always consistent with Mycoplasmal-URTD
clinical signs or detection of the pathogen (Brown et al. 1999; McLaughlin et al. 2000). Thus,
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although we did not detect anti-Mycoplasma antibodies in the remaining 11 animals, some of
these animals may carry Mycoplasma.
The lack of individuals positive for Mycoplasma in nasal lavages also suggests a
Mycoplasma-free population at the northern tract of Sandy Hollow, an unsurprising result as no
animal presented clinical signs of Myocplasmal-URTD when captured. However, a negative
nasal flush does not mean an animal is free of Mycoplasma. First, only an aliquot of the entire
nasal flush was tested in this study using qPCR following the methods of Braun et al. (2014), but
Brown et al. (1999) found PCR following culture for 48 hours of nasal flush fluid in SP4 broth
had higher sensitivity than an initial PCR of nasal flushes without a culturing step. Second,
McLaughlin et al. (2000) found that nasal flushes could lead to false negatives after post-mortem
examination of the deeper areas of the upper respiratory tract of Mycoplasma-infected gopher
tortoises either because the flush fluid did not reach far enough into the upper respiratory tract to
dislodge Mycoplasma cells and/or some animals have a caseous exudate blocking part of the
upper respiratory tract, preventing nasal flushes from dislodging Mycoplasma cells.
My results also indicated that microbiocidal killing was correlated between E. coli and C.
albicans; this is surprising because effective killing of the two microorganisms depends on
different components of innate immune system. On the one hand, E. coli ATCC # 8739 killing is
complement dependent (French & Neuman-Lee 2012) with little contribution of cellular
components of whole blood contributing to killing (Millet et al. 2007). On the other hand, C.
albicans ATCC # 10231 is killed primarily by phagocytosis (French & Neuman-Lee 2012), but
as I used plasma, most if not all of the phagocytic cells would have been absent from the plasma
and thus not able to contribute to killing C. albicans cells. Candida is also normal flora of most
reptiles (Parfi & Jacobson 2007), so it is possible that some if not all of the gopher tortoises that I
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tested already had antibodies against C. albicans, which may explain the lower variance in C.
albicans compared to E. coli microbiocidal killing assays. It is not clear if all or some of the
gopher tortoises I tested had antibodies against E. coli. My results are not unique in finding
correlations in microbiocidal activity between two microorganisms. In particular, Millet et al.
(2007) found the microbiocidal ability of the whole blood from several Panamanian birds to kill
E. coli cells was correlated (R2 = 0.67) with microbiocidal killing of Staphylococcus aureus. This
finding suggests that birds with a strong complement response (needed to kill E. coli cells) also
had strong phagocytic responses (needed to kill S. aureus).
Finally, my results showed that season was a significant predictor of microbiocidal
killing of E. coli but not C. albicans. Furthermore, sex was not a significant predictor nor was
there a season by sex interaction of microbiocidal killing for either microorganism.
My hypothesis that gopher tortoises would have stronger immune responses during June
was not supported as I found microbiocidal killing of E. coli was greater during September,
which is opposite to what Goessling et al. (in press) found. This may have occurred because I
incorporated repeated measures and also used a smaller sample size. It may also be that
Goessling et al. (in press)’s animals had better access to resources than the free-ranging tortoises
sampled in this study as Goessling et al. (in press) housed their captive animals in an open field
with ample grass and forbs. Christopher et al. (1999) found that low rainfall was correlated with
lower lymphocyte levels in desert tortoises, which supports food availability influencing reptile
immunity. I also did not measure environmental data such as ambient temperature, which could
potentially influence gopher tortoise innate immune responses. Average temperature during the
two sampling intervals may have been similar at the northern tract of Sandy Hollow considering
they were not different based on Baton Rouge, Louisiana weather station data (Wilcoxon rank
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sum test, W = 117, P = 0.118; mean ± standard deviation for June sampling session= 28.105 ±
0.234 ºC, http://www.losc.lsu.edu/products/climate/btr/jun_2013.html; September = 26.667 ±
0.706 ºC, http://www.losc.lsu.edu/products/climate/btr/sep_2013.html).
Microbiocidal killing assays may not have been representative of gopher tortoise innate
immune function considering the assays were run at temperatures for optimum pathogen growth
rather than optimum gopher tortoise body temperature and assays used diluted plasma, which
could lead to conservative estimates of innate immune function. Optimum gopher tortoise body
temperature is not known and likely varies seasonally, but average body temperatures of gopher
tortoise during June and August in southern Florida was 34.7 ºC (Douglass & Layne 1978), and I
performed microbiocidal killing assays at 34 ºC.
Negative results for both Mycoplasma antibody production and presence indicate that the
gopher tortoise population at the northern tract of Sandy Hollow is relatively free of
Mycoplasma. This is a positive result for the reintroduction program, because it means that any
tortoises dispersing from the northern to the neighboring southern tract are probably free of
Mycoplasma and are unlikely to spread this bacterial disease. Future work would involve
sampling more tortoises and testing them for Mycoplasma antibody production,
presence/absence of Mycoplasma, and performing microbiocidal killing assays during the spring,
summer, autumn, and perhaps winter to better understand if titer levels, presence/absence of
Mycoplasma, and innate immune responses vary in other seasons. Further, culturing nasal lavage
samples in SP4 media before qPCR analysis could improve detection of Mycoplasma. Other
improvements would include adding immune response assays to estimate function of the
adaptive branch of the immune system.
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Fig. 3.1 Microbiocidal killing percent for each gopher tortoise’s plasma sample for both
Escherichia coli and Candida albicans. Numbers next to points indicate order (see Table 1).
Negative values indicate microorganisms grew better with plasma than without. Line is best-fit
regression line y = 0.992x + 0.751 (R2 = 0.267, F = 6.531, df = 1 and 15, P = 0.022).
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(A)

(B)

Fig. 3.2 Mean ± 95 % confidence intervals microbiocidal killing percent of (A) Escherichia coli
and (B) Candida albicans colonies exposed to gopher tortoise plasma samples for each season
and sex combination.
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CHAPTER 4: NEUTRAL GENETIC PROCESSES INFLUENCE MHC EVOLUTION IN
A THREATENED TORTOISE (GOPHERUS POLYPHEMUS)
INTRODUCTION
The ability of species to deal with environmental change depends in part on levels of
adaptive genetic variation, which is often inferred using neutral genetic markers (van Tienderen
et al. 2002). Neutral genetic markers such as microsatellites have been frequently used to inform
management plans for species of conservation concern by estimating overall levels of genetic
diversity and delineating populations harboring unique neutral genetic variation, but levels of
neutral genetic variation do not directly influence adaptive traits and may not accurately reflect
localized adaptation as a result differing selective pressures (Holderegger et al. 2006). For
example, examining neutral genetic variation may indicate there is little to no population
structure, but the same analysis with adaptive genetic variation may show pronounced population
structure and may delineate populations worthy of separate management (Vásquez-Carrillo et al.
2014). Accurate identification of genetically distinct populations is especially important for
protecting species of conservation concern.
The gopher tortoise (Gopherus polyphemus), a species of conservation concern in the
southeastern United States, is considered to be a keystone species of longleaf pine forests
through its production of burrows and dispersal of seeds (Eisenberg 1983). Gopher tortoise
burrows are used by a variety of vertebrates and invertebrates (Jackson & Milstrey 1989), and
these burrows also increase soil heterogeneity, influencing plant species diversity (Kaczor &
Hartnett 1990). Plants are dispersed by gopher tortoises as they frequently consume vegetation
along with seeds that can be deposited far away from their source (Carlson et al. 2003).
Gopher tortoises occur across the gulf coast states from southeastern Louisiana to
southern Florida, and populations are currently divided into two major management units:
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western populations— those west of the Alabama and Tombigbee Rivers in Alabama— and the
remaining eastern populations. Western gopher tortoise populations in Alabama, Mississippi, and
Louisiana are federally listed as threatened (USFWS 1987), and eastern tortoise populations in
Alabama, Georgia, South Carolina, and Florida are candidates for listing on the Endangered
Species Act (USFWS 2011). Western gopher tortoise populations have lower reproductive
success and genetic diversity as estimated with neutral microsatellite markers compared to
eastern gopher tortoise populations (Clostio et al. 2012; Ennen et al. 2010).
During the past century, both western and eastern gopher tortoise populations have
declined dramatically due to habitat loss, road mortality, food and pet trade, and possibly
infectious disease (Auffenberg & Franz 1982). Important habitat such as longleaf pine forests
have been cleared such that only ca. 3% of their historical cover remains (Allen et al. 2006). In
addition to habitat loss, gopher tortoises are also susceptible to an infectious and occasionally
fatal upper respiratory tract disease (URTD). URTD is characterized by tearing, nasal discharge,
lethargy, and loss of appetite—all problems that can lead to dehydration, emaciation, and death
(Brown et al. 1999). Gopher tortoises subjected to Mycoplasma agassizii and/or M. testudineum
bacteria develop URTD clinical signs (Brown et al. 2004; Brown et al. 1999), so Mycoplasmas
have been the focus of most URTD studies. URTD susceptibility may have a genetic basis as
Mycoplasmas are widespread but clinically ill tortoises occur mainly in eastern gopher tortoise
populations in Georgia and Florida (e.g., McGuire et al. 2014; Wendland et al. 2010). As
tortoises differ in basic immune response assays, and populations are genetically differentiated
based on neutral markers, different alleles for immune response genes may be present among
gopher tortoise populations (Clostio et al. 2012; Kahn 2006; Seigel et al. 2003).
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Genes such as those of the major histocompatibility complex (MHC) have been used to
estimate levels of adaptive genetic variation in a variety of vertebrates (reviewed in Bernatchez
& Landry 2003) and are important because they play a key role in the adaptive branch of the
immune system. MHC class I and II genes encode MHC I and II molecules, respectively, which
are glycoproteins that bind and present self or foreign peptides to T cells (Klein 1986). MHC
class I molecules occur on nearly all somatic cells and present intracellular peptides to cytotoxic
T cells, while class II molecules occur on antigen presenting cells and present extracellular
peptides to helper T cells (Janeway et al. 2001). Both types of MHC molecules are highly
polymorphic and bind and present peptides on a highly variable peptide binding region (PBR,
Marsh et al. 1999). PBR nucleotides affect the shape and conformation of the PBR for both types
of molecules, thus an individual’s MHC gene repertoire directly influences what types of
peptides can be bound and what pathogens can be recognized (Fremont et al. 1992). Because the
PBR is so important to MHC molecule function, most studies assessing adaptive genetic
variation sequence parts of the PBR.
The high polymorphism of MHC genes is thought to be maintained by balancing
selection, in particular by types such as heterozygote advantage, frequency-dependent selection,
and variable selection in time and space (Hedrick 1999). Heterozygote advantage is supported by
empirical evidence in MHC studies whereby individuals heterozygous at MHC loci have lower
levels of parasitism than homozygotes (Hedrick et al. 2001; Penn et al. 2002; Savage & Zamudio
2011; Westerdahl et al. 2005). Likewise, frequency-dependent selection is also supported as
individuals with specific alleles have also been documented with lower levels of parasitism
(Bonneaud et al. 2006; Langefors et al. 2001; Paterson et al. 1998; Savage & Zamudio 2011).
Variable selection in space and time may occur when alleles persist because they conferred
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resistance to pathogens sometime in the past as a result of historical epidemics (Hedrick et al.
1987).
Here I sequenced parts of the PBR from a MHC class I and class II gene from gopher
tortoise samples collected across the range of the species. These data could benefit gopher
tortoises threatened by infectious disease by identifying populations depauperate in variation,
which could influence susceptibility (Elbers & Taylor 2016). I also compared MHC variation to
variation at 10 previously genotyped microsatellite loci to determine if neutral genetic processes
or balancing selection are influencing MHC evolution. I also assessed whether western gopher
tortoise populations have reduced genetic variation by comparing diversity estimates for MHC
and microsatellite loci from western and eastern populations. Because gopher tortoise
populations are generally small and isolated, I predict that drift will strongly influence MHC and
microsatellite variation. Based on previous results showing lower genetic variation in western
compared to eastern populations (Ennen et al. 2010), I also predict western gopher tortoise
populations to have lower MHC and microsatellite diversity than eastern gopher tortoise
populations.
METHODS
All gopher tortoise samples in this work were used in a previous genetic study where they
were genotyped at 10 microsatellite loci (Clostio et al. 2012). Populations west of the confluence
of the Tombigbee and Alabama Rivers are western populations and remaining populations are
eastern populations (Table 4.1, Fig. 4.1).
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Table 4.1. Genetic diversity values from 10 microsatellites for western and eastern gopher
tortoise populations. N for number of individuals, A for alleles per locus, AR for allelic richness,
HO for observed heterozygosity, HE for expected heterozygosity, SE for standard error.
Population (Abbreviation)
N
State
A
AR
HO
HE
Western Gopher Tortoise Populations
Sandy Hollow WMA (SH)

5

Louisiana

2.83

1.92

0.55

0.57

Florida Gas Transmission Line (FGP)

36

Louisiana

3.80

2.16

0.37

0.41

Ben’s Creek WMA (BC)

21

Louisiana

3.50

2.12

0.45

0.51

Private Site, Blonde (ST)

4

Louisiana

2.57

1.99

0.32

0.54

Bogue Chitto WMA (BG)

4

Mississippi

3.17

2.15

0.75

0.67

Marian County WMA (MC)

23

Mississippi

3.44

2.11

0.40

0.44

Desoto National Forest (DNF1)

12

Mississippi

3.25

2.23

0.57

0.56

Private Site, Wiggins (DNF2)

25

Mississippi

4.50

2.36

0.38

0.45

Desoto National Forest (DNF3)

45

Mississippi

4.33

2.27

0.43

0.49

Camp Shelby Training Facility (CS)

21

Mississippi

4.00

2.25

0.49

0.55

Turkey Fork Recreational Area (TF)

12

Mississippi

3.88

2.32

0.55

0.57

Population (Abbreviation)

N

State

A

AR

HO

HE

Westervelt Property, Sandhill (SAH)

7

Mississippi

3.43

2.26

0.47

0.63

Westervelt Property, Leaksville (LK)

14

Mississippi

3.63

2.27

0.49

0.55

Grand Bay National Wildlife Refuge (GB)

3

Alabama

2.71

2.20

0.57

0.58

Meeker Creek Tract, Saraland (AL)

45

Alabama

4.70

2.51

0.47

0.50

Mean

3.58

2.21

0.48

0.53

SE

0.16

0.04

0.03

0.02
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Table 4.1 continued
Population (Abbreviation)

N

State

A

AR

HO

HE

Solon Dixon, Andalusia (SD)

20

Alabama

6.10

3.25

0.66

0.66

Jones Ecological Research Center (GG)

26

Georgia

4.90

2.70

0.57

0.59

Wade Tract Preserve, Thomasville (WT)

26

Georgia

5.00

2.91

0.59

0.64

Private Site, Statesboro (SCI)

24

Georgia

4.20

2.61

0.42

0.56

Private Site, Darien (SRS)

22

Georgia

4.56

2.48

0.42

0.52

Tillman Sandhill Reserve, Jasper Co. (SC)

23

S. Carolina

4.56

2.30

0.43

0.51

Private Site, Nassau Co. (FL)

19

Florida

4.70

2.54

0.38

0.50

Population (Abbreviation)

N

State

A

AR

HO

HE

Private Site, Lake Co. (Lake)

4

Florida

3.00

2.62

0.47

0.64

Mean

4.63

2.68

0.49

0.58

SE

0.31

0.10

0.04

0.02

Eastern Gopher Tortoise Populations

Primer Design
I developed gopher tortoise-specific MHC primers first using the MHC class I exon 3
sequence (GenBank accession GQ495891) from Malaclemys terrapin (diamond-backed terrapin,
McCafferty et al. 2013) and the MHC class II β exon 2 primers MHC-UP and MHC-DP for
Alligator sinensis (Chinese alligator, Li et al. 2008). After sequencing of PCR amplicons
following the authors’ recommended thermocycler protocols but using gopher tortoise DNA as a
template, I used the Clontech Universal Genome Walking Kit (catalog no. 638904, Clontech
Laboratories, Inc. Mountain View, CA, USA) to lengthen my consensus sequences by primer
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walking via vectorette PCR (Siebert et al. 1995). I then developed final primers for genotyping
using lengthened sequences Gopo-UAA for the MHC class I locus (GenBank accession
KU949600) and Gopo-DAB for the MHC class II locus (GenBank accession KU949601) using
the primer design software Oligo 7.0 (Molecular Biology Insights Inc., Cascade, CO, USA).

Fig. 4.1 Map of southeastern United States depicting the location of gopher tortoise populations
with abbreviated names (see Table 4.1 for unabbreviated names) sampled during this project.
Populations west of the confluence of the Tombigbee and Alabama Rivers are western
populations and remaining populations are eastern populations.

DNA extraction and amplification
I amplified a 184-bp MHC class I exon 3 fragment, which along with exon 2 forms the
PBR of class I molecules. I used the forward primer GopoMhcIex3SF
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(CTCTCCAATGGATGTACGGCTG) and the reverse primer GopoMhcIex3SR
(TTTAAGCCACTCGATGCAGGT) both located within exon 3. I also amplified a 199-bp MHC
class II β exon 2 fragment, which along with exon 2 of a class II α gene forms the PBR of class II
molecules. I used the forward primer GopoMhcIIβex2SF (TTACTTCAGGAACGGCACCGA)
and the reverse primer GopoMhcIIβex2SR (ATCTCTCCGGTTGATGGTGAA) both located
within exon 2. PCRs were performed in 25uL reactions containing 2.5uL of 10X reaction buffer,
1.5mM MgCl2, 200µM dNTPs, 0.2 µM each primer, 100ng genomic DNA, and 0.625 units of
Taq polymerase (New England Biolabs, Ipswich, MA, USA). Thermocycler conditions consisted
of initial denaturation of 2 min at 95ºC, followed by 35 cycles of 30s at 95ºC, 30s at 58ºC, and
30s at 72ºC, with a final elongation step of 10 min at 72ºC.
Cloning and sequencing
Unpurified amplicons were purified and sequenced by Beckman Coulter Genomics
(Danvers, MA, USA) with their Single Pass PCR workflow. I initially differentiated
homozygotes and heterozygotes based on electropherograms (i.e., presence of double peaks at
heterozygous sites) edited in Sequencher 5.1 (Genes Codes Corporation, Ann Arbor, MI, USA),
and then verified the number of amplified loci via cloning using pGEM T-Easy kits (Promega
Corporation, Madison, WI, USA).
Data analysis
For microsatellites, I quantified variation using allelic-based methods with 10
microsatellites from Clostio et al. (2012). Allelic diversity within populations was quantified by
measuring the number of alleles per locus (A), observed heterozygosity (HO), and expected
heterozygosity (HE) with the program Arlequin 3.5.1.2 (Excoffier & Lischer 2010) and allelic
richness (AR) using HP-RARE v.June6-2006 (Kalinowski 2005). I also estimated effective

66

population size per generation (Ne) using these microsatellites with the program NeEstimator
2.01 (Do et al. 2014) and employed one single-sample estimator of Ne (i.e., the linkage
disequilibrium method of Waples & Do (2008)), and two single-sample estimators of the number
of effective breeders per year (i.e., Nb using the heterozygote-excess method of Zhdanova &
Pudovkin (2008) and the molecular coancestry method of Nomura (2008)). I converted Nb to Ne
by multiplying Nb by the generation time of 31 years for the gopher tortoise (Enge et al. 2006).
For MHC loci, I used the PHASE algorithm (Stephens et al. 2001) implemented in
DnaSP 5.10.01 (Librado & Rozas 2009) to determine alleles for heterozygotes, and then used
PGDSpider 2.0.8.3 (Lischer & Excoffier 2012) to assign allele numbers and convert from
FASTA to various file formats.
I quantified MHC variation using allelic- and sequence-based methods. As before, allelic
diversity within populations was quantified with number of alleles per locus and observed and
expected heterozygosities using Arlequin and allelic richness using HP-RARE. Sequence
diversity was estimated using haplotype and nucleotide diversity (π) with the program DnaSP. I
tested for positive selection by comparing the ratio of non-synonymous to synonymous
substitutions (dN/dS) over the coding regions of MHC loci for all alleles for each locus using Nei
and Gojobori’s method (Nei & Gojobori 1986) with the Jukes and Cantor correction
implemented in MEGA 5.1 (Tamura et al. 2011). I used Bjorkman et al. (1987) and Brown et al.
(1993) to identify putative PBR sites for the MHC class I and class II loci, respectively. I also
computed Tajima’s D (Tajima 1989) using DnaSP to assess whether MHC loci sequences
deviated from neutral expectations.
I estimated population admixture using the MHC loci and microsatellites following the
same procedure as Clostio et al. (2012) except I used TESS 2.31 (Chen et al. 2007) instead of
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TESS 2.1 and CLUMPAK web server (Kopelman et al. 2015) to visualize population
assignments.
To better understand gene flow among population clusters identified with TESS, I used
two Bayesian analyses to estimate historical (Migrate-N 3.6.11; (Beerli & Felsenstein 2001;
Beerli & Palczewski 2010)) and recent patterns of migration (BayesAss 3.0.4; (Wilson &
Rannala 2003)). Migrate-N estimates not only migration rates (Ϻ = m/µ, where Ϻ is the
mutation-scaled effective immigration rate, m is the immigration rate, and µ is the mutation rate)
but also mutation-scaled population sizes (θ=4Neµ, where θ is the mutation-scaled population
size). For all analyses I estimated θ and M using a stepping stone connection matrix model (see
Results and Figs. 4.3–4.5) in a Bayesian framework. After dozens of preliminary runs to choose
appropriate start and search parameters, I chose the following settings for MHC and
microsatellite data: θ and Ϻ were estimated with an FST calculation starting position and the
MCMC (Markov chain Monte Carlo) runs used one long chain, recording values every 100 steps.
For microsatellite data, I used a Brownian motion microsatellite model, sampled 4x107 trees, and
used a uniform prior with a minimum of 0, a maximum of 200, and delta of 10 for θ. For MHC
class I and class II data, I used a DNA sequence model, sampled 4x108 trees, and used the default
prior.
BayesAss estimates recent patterns of migration by calculating a posterior probability of
migrant ancestry for each individual. I followed the authors’ recommendations by running
several trial runs with each dataset until search parameters produced acceptance rates between
0.2–0.6 for migration rate (M), individual migrant ancestry (A), and inbreeding coefficients (F). I
also performed multiple runs with optimum search parameters but with different seed values to
ensure consistent results. Finally, I examined the log probabilities for each separate run to ensure
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the MCMC had converged using the program Tracer 1.6 (http://beast.bio.ed.ac.uk/tracer). For all
runs for each dataset, I performed 107 iterations with 106 as burnin, with a sampling interval of
103. For MHC class I data, deltaM was 0.1, deltaA was 0.4, and deltaF was 1.0. For MHC class
II data, deltaM was 0.1, deltaA was 0.1, and deltaF was 0.7. For microsatellite data, deltaM was
0.1, deltaA was 0.25, and deltaF was 0.4. To characterize recent migration in population clusters,
I used the highest posterior probability of migrant ancestry for each individual to classify
individuals as non-migrants, 1st generation migrants, or 2nd or greater generation migrants
(hereafter 2nd generation migrants). I tested for the effects of isolation by distance for each MHC
locus by comparing pairwise FST values calculated using Arlequin with geographic distance
calculated with the R (Team 2016) package geosphere (Hijmans 2015). To test if neutral genetic
processes were influencing MHC locus variation, I compared pairwise FST values calculated
using Arlequin for each MHC locus to FST values from Clostio et al.’s (2012) microsatellite data
with Mantel tests implemented by the R package ecodist (Goslee & Urban 2007).
RESULTS
Cloning results showed that each MHC primer pair amplified a single locus (i.e., never
more than two alleles were present per locus per individual). As I was only able to obtain MHC
class I and MHC class II sequences from 95 and 245 tortoises, respectively, I likely
underestimated diversity at these two loci because my primers did not work in all 441
individuals, a possible consequence of mutations in the primer binding regions.
Polymorphism at microsatellite loci and effective population sizes
I genotyped 441 tortoises from 23 populations at 10 microsatellite loci (Table 4.1, Fig.
4.1). The number of alleles per population was greater in eastern than western populations
(Wilcoxon rank sum test, W = 17.5, P < 0.01). The same pattern was present for allelic richness
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(W = 4, P < 0.01). Observed (W = 57, P = 0.87) and expected heterozygosities (W = 39.5, P =
0.196) were equivalent between western and eastern populations.
Effective population sizes for the sampled gopher tortoise populations ranged from
negative values to infinity (Table 4.2). Negative values can occur with the linkage disequilibrium
method if the true Ne is large or if limited data result in a mean of the square interlocus
correlation of allele frequencies (𝑟̂ 2 ) being smaller than the sampling size correction (Waples &
Do 2010). Ignoring the negative linkage disequilibrium values and focusing on estimates from
the heterozygote-excess and molecular coancestry methods suggest that these tortoise
populations have an Ne between one hundred to several thousand individuals; however, some
caution must be used when interpreting Ne from small sample sizes (i.e., N < 5; Table 4.1) such
as from some of my populations (Table 4.1; Table 4.2).
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Table 4.2 Effective population sizes per generation (Ne) for all 23 gopher tortoise populations
(see Table 4.1 for unabbreviated names and Fig. 4.1 for geographic locations) estimated using 10
microsatellites with the program NeEstimator. N for number of individuals, LD for linkage
disequilibrium method of Waples & Do (2008), HetEx for heterozygote-excess method of
Zhdanova & Pudovkin (2008), and MolCo for the molecular coancestry method of Nomura
(2008). Note that the HetEx and MolCo methods estimate the effective number of breeders per
year (Nb), which I converted to Ne by multiplying Nb by the generation time of 31 years for the
gopher tortoise (Enge et al. 2006).
Population
LD
LD
HetEx
HetEx
MolCo
MolCo
N
Abbreviation
Ne
95%CI
Ne
95%CI
Ne
95%CI
Western Gopher Tortoise Populations
SH

5

6.8

0.6–∞

∞

93–∞

306.9

65.1–740.9

FGP

36

71.4

21.8–∞

∞

269.7–∞

34.1

12.4–65.1

BC

21

12.9

4.3–66.7

∞

1286.5–∞

∞

∞–∞

ST

4

-7.5

0.8–∞

∞

778.1–∞

1711.2

3.1–8593.2

BG

4

-51.4

0.7–∞

195.3

68.2–∞

∞

∞–∞

MC

23

47.8

11.5–∞

∞

161.2–∞

∞

∞–∞

DNF1

12

-11.6

∞–∞

771.9

86.8–∞

∞

∞–∞

DNF2

25

-76.6

80.1–∞

∞

∞–∞

89.9

15.5–232.5

DNF3

45

-77.3

543.9–∞

∞

∞–∞

13723.7

12.4–68894.4

CS

21

283.2

15.9–∞

∞

604.5–∞

288.3

21.7–895.9

TF

12

-139.7

11.2–∞

∞

201.5–∞

∞

∞–∞

SAH

7

-29.7

2.8–∞

∞

∞–∞

2101.8

3.1–10558.6
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Table 4.2 continued
Population

LD

LD

HetEx

HetEx

MolCo

MolCo

Ne

95%CI

Ne

95%CI

Ne

95%CI

N
Abbreviation

LK

14

-34.3

14.8–∞

∞

229.4–∞

372

27.9–1162.5

GB

3

-11.5

0.5–∞

1401.2

117.8–∞

1122.2

0–5626.5

AL

45

259.9

51.1–∞

∞

297.6–∞

561.1

15.5–2070.8

Eastern Gopher Tortoise Populations
SD

20

96.1

29.4–∞

3592.9

263.5–∞

201.5

117.8–310

GG

26

-80.3

122.6–∞

∞

381.3–∞

589

15.5–2176.2

WT

26

69.4

25.2–∞

∞

384.4–∞

∞

∞–∞

SCI

24

1.6

1.2–1.9

∞

∞–∞

71.3

40.3–111.6

SRS

22

18.6

8.5–76.6

∞

∞–∞

468.1

0–2349.8

SC

23

133.9

20.6–∞

∞

∞–∞

37.2

21.7–52.7

FL

19

-170.2

35.2–∞

∞

1320.6–∞

∞

∞–∞

Lake

4

-7.3

1.6–∞

∞

477.4–∞

∞

∞–∞

Polymorphism and selection at MHC loci
The MHC class I exon 3 locus was not highly variable. There were 6 different alleles
detected from 95 tortoises representing 18 populations, and there were no heterozygous
individuals (Table 4.3).
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Table 4.3 MHC class I exon 3 genetic diversity results for western and eastern gopher tortoise
populations. N for number of individuals, A for alleles per locus, AR for allelic richness, HO for
observed heterozygosity, HE for expected heterozygosity, π for nucleotide diversity, SE for
standard error.
Population
N
A
AR
HO HE
π
Tajima’s D
Abbreviation
Western Gopher Tortoise Populations
SH

1

1

1.00

0

NA

0

NA

FGP

8

1

1.00

0

NA

0

NA

BC

3

1

1.00

0

NA

0

NA

ST

1

1

1.00

0

NA

0

NA

BG

2

2

1.67

0

0.67

0.05

2.26*

MC

4

1

1.00

0

NA

0

NA

DNF1

6

1

1.00

0

NA

0

NA

DNF2

10

2

1.19

0

0.19

0.001

-0.59

DNF3

10

1

1.00

0

NA

0

NA

CS

7

1

1.00

0

NA

0

NA

TF

6

1

1.00

0

NA

0

NA

SAH

1

1

1.00

0

NA

0

NA

LK

1

1

1.00

0

NA

0

NA

AL

12

2

1.16

0

0.16

0.01

-1.42

Mean

1.21 1.07

0.34

0.00

SE

0.11 0.05

0.17

0.00
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Table 4.3 continued
Population
N

A

AR

HO

HE

π

Tajima’s D

Abbreviation
Eastern Gopher Tortoise Populations
SD

3

1

1.00

0

NA

0

NA

WT

1

1

1.00

0

NA

0

NA

SRS

13

2

1.15

0

0.15

0.01

-1.50

FL

6

2

1.30

0

0.30

0.03

-0.37

Mean

1.51 1.11

0.22

0.01

SE

0.29 0.07

0.08

0.01

*significant, P < 0.05

These sequences were deposited in GenBank and have the accession numbers KU949614–
KU949619. Out of 184 sites, 24 were variable, and haplotype and nucleotide diversity were 0.39
and 0.03, respectively. Tajima’s D for all sequences was 0.60 and was not significant at the 0.05
level. dN/dS for all codons across all 6 alleles was not greater than unity according to a Z-test (Z =
-0.49, P = 1.00), and the same was true when using only putative PBR sites (Z = -0.49, P = 1.00).
Tortoises in western and eastern populations shared alleles Gopo-UAA*1 and Gopo-UAA*3.
Only tortoises in western populations possessed alleles Gopo-UAA*2 and Gopo-UAA*4, and
only tortoises in eastern populations possessed alleles Gopo-UAA*5 and Gopo-UAA*6. Western
and eastern populations had an equivalent number of alleles per locus (W = 20, P = 0.31), allelic
richness (W = 21, P = 0.38), observed (W = 28, P = NA), and expected (W = 4, P = 0.8)
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heterozygosity, and nucleotide diversity (W = 19.5, P = 0.28). Tajima’s D was significant for
only the BG population in southern Mississippi.
The MHC class II β exon 2 locus was much more variable than the class I locus with 113
different alleles detected in 245 tortoises representing 23 populations (Table 4.4).

Table 4.4 MHC class II β exon 2 genetic diversity results for western and eastern gopher tortoise
populations. N for number of individuals, A for alleles per locus, AR for allelic richness, HO for
observed heterozygosity, HE for expected heterozygosity, π for nucleotide diversity, SE for
standard error.
Population
N
A
AR
HO
HE
π
Tajima’s D
Abbreviation
Western Gopher Tortoise Populations
SH

2

4

2.00

0

0.67

0.13

2.31*

FGP

13

9

2.71

0.31

0.71

0.12

1.48

BC

9

8

2.99

0.44

0.80

0.13

0.78

ST

2

3

3.00

0.50

0.83

0.15

0.51

BG

3

5

3.60

0.67

0.93

0.15

0.55

MC

13

8

2.07

0.31

0.47

0.09

-0.77

DNF1

8

7

2.49

0.38

0.63

0.11

0.94

DNF2

7

1

1.00

0

NA

0

NA

DNF3

11

10

2.97

0.36

0.78

0.12

1.91

CS

6

3

2.08

0.17

0.53

0.10

0.74

TF

4

4

2.77

0.25

0.75

0.07

0.59
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Table 4.4 continued
Population
N

A

AR

HO

HE

π

Tajima’s D

SAH

5

7

3.50

0.80

0.91

0.12

1.03

LK

8

7

2.49

0.38

0.63

0.11

0.35

GB

2

2

2.00

0

0.67

0.12

2.30*

AL

34

16

3.16

0.59

0.83

0.12

2.43*

Mean

6.27

2.59

0.34

0.72

0.11

SE

0.98

0.18

0.06

0.04

0.01

Abbreviation

Eastern Gopher Tortoise Populations
SD

9

6

2.54

0.22

0.67

0.12

1.21

GG

18

25

3.72

0.72

0.95

0.08

0.41

WT

16

27

3.94

1.00

0.99

0.11

0.93

SCI

22

18

3.31

1.00

0.87

0.09

1.09

SRS

18

14

3.42

0.89

0.89

0.08

2.43*

SC

17

11

3.18

1.00

0.84

0.08

2.04*

FL

15

8

2.93

1.00

0.79

0.08

3.35*

Lake

3

6

4.00

1.00

1.00

0.12

0.40

Mean

14.38 3.38

0.85

0.88

0.10

SE

2.92

0.10

0.04

0.01

0.18

*significant, P < 0.05
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These sequences were deposited in GenBank and have the accession numbers KU949620–
KU949732. Out of 199 total sites, 115 were variable, with a haplotype diversity of 0.89 and a
nucleotide diversity of 0.13. Tajima’s D for all sequences was 0.25 and was not significant at the
0.05 level. The ratio of non-synonymous to synonymous substitutions for all codons across all
113 alleles was not significantly greater than unity according to a Z-test (Z = -0.53, P = 1.00),
but using putative PBR sites it was significantly greater than one (Z = 1.81, P = 0.04). Tortoises
in western and eastern populations shared 9 alleles (Table 4.5). Western tortoise populations
possessed 31 unique alleles, and eastern tortoise populations possessed 73 unique alleles (Table
4.5). There were more alleles per locus (W = 22, P = 0.02) and higher allelic richness (W = 20, P
= 0.01) and observed (W = 12, P < 0.01) and expected (W = 20, P = 0.02) heterozygosities in
eastern than western populations. Nucleotide diversity was equivalent in western and eastern
populations (W = 87.5, P = 0.08). Tajima’s D was significant only in the SH (southeastern
Louisiana), GB (southern Mississippi), AL (southwestern Alabama), SRS (eastern Georgia), SC
(South Carolina), and FL (northeastern Florida) populations.

Table 4.5 MHC class II alleles (n = 113) that were unique to or shared by western and eastern
gopher tortoise populations. Values represent allele number for Gopo-DAB (ex: Gopo-DAB*1).
Shared Unique to Western Unique to Eastern
(n = 9)

(n = 31)

(n = 73)

1

9

26

2

10

27

3

11

28

4

12

29
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Table 4.5 continued
Shared

Unique to Western

Unique to Eastern

(n = 9)

(n = 31)

(n = 73)

5

13

30

6

14

31

7

15

32

8

16

33

24

17

34

18

35

19

36

20

37

21

38

22

39

23

40

25

41

56

42

57

43

58

44

59

45

60

46

65

47

66

48

67

49
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Table 4.5 continued
Shared

Unique to Western

Unique to Eastern

(n = 9)

(n = 31)

(n = 73)

68

50

69

51

70

52

71

53

72

54

93

55

94

61
62
63
64
73
74
75
76
77
78
79
80
81
82

79

Table 4.5 continued
Shared

Unique to Western

Unique to Eastern

(n = 9)

(n = 31)

(n = 73)
83
84
85
86
87
88
89
90
91
92
95
96
97
98
99
100
101
102
103
104
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Table 4.5 continued
Shared

Unique to Western

Unique to Eastern

(n = 9)

(n = 31)

(n = 73)
105
106
107
108
109
110
111
112
113

Population admixture
Population structure estimated with the MHC class I locus produced K = 2 and almost
divided the populations by their current management units (Fig. 4.2.A). All western populations
and SD (i.e., central Alabama) were included in the first cluster, while the remaining eastern
populations were included in second cluster. There were three individuals occurring in southern
Mississippi (BG and DNF2) and southwestern Alabama (AL) populations with high membership
to the eastern populations. Population structure estimated with the MHC class II locus produced
K = 3, dividing the populations into three clusters (Fig. 4.2.B). The first cluster included all
western populations and SD (i.e., central Alabama).
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Fig. 4.2 Population clusters for: (A) 95 individuals sampled from 18 sites (see Table 4.1 for full
site names) using MHC class I exon 3 sequence data; (B) 245 individuals sampled from 23 sites
using MHC class IIβ exon 2 sequence data, and; (C) 441 individuals sampled from 23 sites using
10 microsatellite loci. Clusters in (A), (B) and, (C) are displayed geographically in Figs. 4.3, 4.4,
and 4.5 respectively.

The second cluster was GG and WT (i.e., western Georgia populations), and the third cluster of
populations was from SCI to Lake (i.e., eastern Georgia, South Carolina, and Florida
populations). Population structure estimated with the 10 microsatellites produced K = 5, splitting
the populations into five clusters (Fig. 4.2.C). The first cluster included all of the western
populations. The second cluster included SD (i.e., central Alabama). The third cluster included
GG and WT (i.e., western Georgia). The fourth cluster included SCI, SRS, and SC (i.e., eastern
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Georgia and South Carolina), and the final cluster included FL and Lake (i.e., Florida)
populations.
Migration analyses
Using the MHC class I locus, historical migration estimated with Migrate-N was
asymmetric between clusters 1 (western populations and central Alabama) and 2 (eastern
populations) as identified with TESS (Fig. 4.2.A). There were more migrants moving from
eastern to western populations than from western to eastern populations (Fig. 4.3). Western
populations also had a smaller mutation-scaled population size than eastern populations. The
MHC class II locus had three clusters identified by TESS (Fig. 4.2.B), and had the same result as
the MHC class I data for historical migration between clusters 1 (western populations and central
Alabama) and cluster 2 (western Georgia populations) with more migrants moving from western
Georgia to threatened western and central Alabama populations (Fig. 4.4). Western populations
for the class II locus also had a smaller mutation-scaled population size than western Georgia
populations as was observed with class I locus, and western Georgia populations had a higher
mutation-scaled population size than eastern Georgia, South Carolina, and Florida populations.
Historical migration was almost symmetric between western Georgia and eastern Georgia, South
Carolina, and Florida populations. Using the 10 microsatellite loci, historical migration rates
were asymmetric between each of the five clusters except between central Alabama and western
Georgia (Fig. 4.5).
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Fig. 4.3 Map of southeastern United States depicting the location of gopher tortoise populations
as in Fig. 4.1 except with circles/ovals 1–2 depicting the two clusters of populations identified by
MHC class I admixture analysis with the program TESS (see Fig. 4.2.A). Estimation of
mutation-scaled population sizes (θ) and directional mutation-scaled migration rates (± 95% CIs)
estimated with the program Migrate-N.
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Fig. 4.4 Map of southeastern United States depicting the location of gopher tortoise populations
as in Fig. 4.1 except with circles/ovals 1–3 depicting the three clusters of populations identified
by MHC class II admixture analysis with the program TESS (see Fig. 4.2.B). Estimation of
mutation-scaled population sizes (θ) and directional mutation-scaled migration rates (± 95% CIs)
estimated with the program Migrate-N.
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Fig. 4.5 Map of southeastern United States depicting the location of gopher tortoise populations
as in Fig. 4.1 except with circles/ovals 1–5 depicting the five clusters of populations identified by
microsatellite admixture analysis with the program TESS (see Fig. 4.2.C). Estimation of
mutation-scaled population sizes (θ) and directional mutation-scaled migration rates (± 95% CIs)
estimated with the program Migrate-N.

Unlike data from MHC loci, mutation-scaled population size was greatest for western
populations followed by western Georgia, eastern Georgia and South Carolina, central Alabama,
and Florida populations, respectively. It is not appropriate to compare scaled mutation population
sizes and migration rates observed between Figs. 4.3–4.5 as clusters were composed of different
populations for each analysis and each analysis had different mutation rates for the loci.
Furthermore, Figs. 4.3 and 4.4 (i.e., the MHC analyses) used sequence data versus microsatellite
data and a Brownian motion model in Fig. 4.5.
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Recent migration trends estimated with BayesAss suggest tortoise population clusters are
composed of mostly non-migrant individuals. All individuals were classified as non-migrants for
the western and eastern populations for MHC class I data (data not shown). The MHC class II
locus had western and western Georgia populations containing a small proportion of migrants
(i.e., less than 8 %, Fig. 4.6), and the microsatellite loci had central Alabama, eastern Georgia
and South Carolina, and Florida populations with approximately 9 %, 2 %, and 15 % of migrants
(Fig. 4.6), respectively.
Population differentiation and Mantel tests
Pairwise FST values for the class I locus ranged from -0.28–1.00 with a mean of 0.29
(Fig. 4.7). The class II locus had less variability with pairwise FST values, ranging from -0.14–
0.66 with a mean of 0.11. The 10 microsatellites were the least variable marker in pairwise FST
values, which ranged from -0.05–0.61 with a mean of 0.27.
There was an effect of isolation by distance for the MHC class I locus (Mantel r = rM = 0.813, P
= 0.001, Fig. 4.8.A), the MHC class II locus (rM = 0.432, P = 0.001, Fig. 4.8.B), and the 10
microsatellites (rM = 0.943, P = 0.001, Fig. 4.8.C). Pairwise FST values were significantly
correlated between the MHC class I locus and microsatellites (rM = 0.809, P = 0.001, Fig. 4.9.A).
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Fig. 4.6 Proportion of individuals identified as non-migrant, 1st generation migrant, or 2nd or
greater generation migrant from each population cluster based on analysis with BayesAss.
Microsats for the 10 microsatellites and MHCII for the MHC class II β exon 2 locus. Migration
information is not shown for MHC class I exon 3 data because 100 % of individuals were nonmigrants for the two clusters. See Fig. 4.2.C for membership coefficients and Fig. 4.5 for
geographic locations of microsatellite clusters. See Fig. 4.2.B for membership coefficients and
Fig. 4.4 for geographic locations of MHC class II clusters.

This same pattern was also observed between the pairwise FST values of the MHC class II
locus and microsatellites. (rM = 0.431, P = 0.001, Fig. 4.9.B)
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Fig. 4.7 Bar and whisker plots of pairwise FST values for each marker. MHCI for the MHC class
I exon 3 locus, MHCII for the MHC class II β exon 2 locus, and Microsats for the 10
microsatellites.

DISCUSSION
It is rare for MHC studies of reptiles to sequence both MHC class I and II loci and survey
polymorphism from many individuals and populations (Elbers & Taylor 2016). Here I sequenced
two MHC loci from gopher tortoises from across the range of the species and compared MHC
variation to variation at 10 previously genotyped microsatellite loci.
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Fig. 4.8 Correlation between geographic distance in km from (A) 18 gopher tortoise populations
sequenced at the MHC class I exon 3 locus, Mantel r = rM = 0.813, P = 0.001; (B) 23 gopher
tortoise populations sequenced at the MHC class II β exon 2 locus, rM = 0.432, P = 0.001; and
(C) 23 gopher tortoise populations sequenced at 10 microsatellite loci, rM = 0.943, P = 0.001,
versus pairwise FST values.
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Fig. 4.9 Correlation between pairwise FST values from (A) 18 gopher tortoise populations
sequenced at the MHC class I exon 3 locus, Mantel r = rM = 0.809, P = 0.001, and (B) 23 gopher
tortoise populations sequenced at the MHC class II β exon 2 locus, rM = 0.431, P = 0.001, versus
pairwise FST values from 10 microsatellites.
I found that: 1) eastern populations were typically more diverse than western populations; 2)
there are private MHC alleles in both eastern and western populations, which may affect clinical
expression of URTD; 3) estimates of Tajima’s D and dN/dS indicated that MHC class II
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sequences deviated from neutrality and positive selection influenced MHC class II PBR sites; 4)
despite evidence for selection in the PBR of the MHC class II locus, correlations of genetic
diversity between microsatellites and each MHC locus were significant, suggesting that MHC
loci are strongly influenced by genetic drift, which could result in loss of beneficial MHC alleles;
5) MHC-estimated population structure was consistent with previous microsatellite and
mitochondrial DNA inferences, and; 6) tortoise populations appear to have been better connected
in the past given that Migrate-N estimated high historical migration rates while recent migration
rates were lower according to BayesAss as there were few migrants. I discuss each of these
points in greater detail below.
There was greater MHC class II and microsatellite diversity in eastern compared to
western gopher tortoise populations. Genetic diversity estimated with microsatellites showed that
eastern gopher tortoise populations had a greater number of alleles per locus and allelic richness
than western gopher tortoise populations, but heterozygosity was similar between eastern and
western populations. The MHC class I locus painted a different picture as both eastern and
western populations had a similar number of alleles per locus, allelic richness, heterozygosity,
and nucleotide diversity. The lack of diversity at this locus may be responsible for the similarity
in the genetic diversity estimates and also indicates that this locus may be a non-classical MHC
class I locus (Glaberman et al. 2008; Miller et al. 2007). The MHC class II locus was highly
polymorphic and showed that eastern gopher tortoise populations had a greater number of alleles,
allelic richness, and heterozygosity than western gopher tortoise populations, but western gopher
tortoises still had appreciable diversity, which may result in at least some individuals being
resilient to URTD. Data from both the MHC class II locus and the microsatellites are in keeping
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with previous results suggesting western gopher tortoise populations have lower genetic
variation than their eastern counterparts (Ennen et al. 2010).
The clinical expression of URTD in eastern but not western gopher tortoise populations is
a mystery. First, it is not clear if both eastern and western gopher tortoise populations have been
historically plagued by causative agents of URTD such as Mycoplasmas, or only recently (i.e.,
past 20–30 years) have new Mycoplasma strains been introduced into eastern gopher tortoise
populations by released captive tortoises leading to clinical expression of URTD in eastern rather
than western populations (McLaughlin et al. 2000). Second, it is not apparent if URTD clinical
expression is density-dependent (i.e., a function of population size) as larger populations of
tortoises are generally present in eastern rather than western ranges of the species. Third, there
may be increased surveillance of tortoises in the east compared to the west, such that clinical
expression of URTD has only been observed in the east because of more active monitoring.
Fourth, I do not know whether certain MHC alleles or possession of multiple different alleles
influences URTD susceptibility or severity in gopher tortoises. On the one hand, there are
certainly genetic differences in immune gene variation as tortoises in western populations had 2
MHC class I and 31 MHC class II alleles that were not observed in eastern gopher tortoise
populations, and eastern gopher tortoises had 2 MHC class I and 73 MHC class II alleles not
observed in western gopher tortoises. However, tortoises with URTD have not been sequenced at
these MHC loci, so allele associations with URTD susceptibility or resistance are not clear.
I did not detect positive selection acting on the MHC class I locus. The ratio of nonsynonymous to synonymous substitutions was less than 1 for all 6 alleles across all codons and
all PBR sites, which further supports this class I locus as a non-classical locus (Hughes & Nei
1989a). As I designed primers from the MHC class I exon 3 sequence from M. terrapin, which
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McCafferty et al. (2013) found to be non-variable among 59 diamond-backed terrapins from
three populations, it is possible that this locus is part of a non-classical MHC class I gene in both
diamond-backed terrapins (McCafferty et al. 2013) and gopher tortoises. In contrast to classical
MHC class I genes, non-classical MHC class I genes generally have weak patterns of expression
that are often tissue-specific, have very low polymorphism, and have a variety of functions some
unrelated to antigen presentation (Braud et al. 1999; Brigl & Brenner 2004; Hansen et al. 2007).
Ultimately, without additional sequence or expression information, I cannot be certain if my
MHC class I locus functions in antigen presentation like a typical classical MHC class I gene.
Unlike the class I locus, the MHC class II locus deviated from neutrality and had
evidence of positive selection acting on the PBR sites. The class II locus deviated from neutrality
in three western gopher tortoise populations and three eastern populations. Tajima’s D was
positive for these six populations for the class II locus, but two of these western populations had
sequences for only two individuals. It is not clear if the positive values observed for Tajima’s D
in the southeastern Alabama population and three eastern populations are due to balancing
selection, population structure, or bottlenecks (Biswas & Akey 2006). Bottlenecks may be partly
responsible as Clostio et al. (2012) found these populations had significantly low M ratios based
on the method of Garza & Williamson (2001), which can detect multi-generation bottlenecks.
The ratio of non-synonymous to synonymous substitutions was greater than one for all 113
alleles when I analyzed PBR sites of the class II locus, which suggests positive selection is acting
on these PBR sites (Hughes & Nei 1989b), a result observed in other reptilian class II loci
(Badenhorst 2008).
Population structure estimated with MHC loci was congruent with groupings identified
previously with microsatellite and mitochondrial DNA haplotype clusters (Clostio et al. 2012).
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MHC class I locus admixture suggested a nearly perfect western to eastern split of the tortoise
populations. The two identified clusters (i.e., all western populations plus the SD population in
central Alabama and the remaining eastern populations) were congruent with previously
identified mitochondrial DNA haplotypes clusters (Clostio et al. 2012). Ultimately, MHC class I
locus data suggest a pronounced phylogeographic break occurring at the Apalachicola River,
which has been observed in previous gopher tortoise phylogeographic work (Clostio et al. 2012;
Osentoski & Lamb 1995). It is not clear why there were three individuals from the western
populations that appeared to belong to the eastern populations, but perhaps these were
translocated tortoises moved by humans, an explanation suggested previously (Clostio et al.
2012). MHC class II locus admixture suggested three main clusters. The first cluster included the
western populations and SD in central Alabama, which agrees with the MHC class I locus and
previous mitochondrial data. The second cluster occurred in western Georgia and the third
cluster occurred from South Carolina to Florida and both clusters are in keeping with previous
mitochondrial DNA and microsatellite results (Clostio et al. 2012). Microsatellite admixture
suggested five clusters, which corresponded to: (1) western; (2) central Alabama; (3) western
Georgia; (4) eastern Georgia and South Carolina; and (5) Florida populations, which had
previously been reported by Clostio et al. (2012) and confirmed here using a new version of the
Bayesian clustering software TESS. Both MHC class II and microsatellite data suggest a
phylogeographic break at the Suwannee River, and the microsatellite data indicate vicariance
probably due to the Alabama and Tombigbee Rivers in Alabama. I may have observed
differences between MHC and microsatellite-inferred structure because mutation rates may be
faster at microsatellite loci, producing finer scale structure as compared to mitochondrial or
MHC data (Li et al. 2002).
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Pairwise FST values for the class I locus were highly variable compared to pairwise FST
values for the class II locus and microsatellites. This occurred because there were at most 2
alleles present at the MHC class I locus per population, and some populations had entirely
different alleles when compared. Gopher tortoise pairwise FST values for MHC loci and
microsatellites were also high in relation to other turtle and tortoises species (e.g., Escalona et al.
2008; Hagerty & Tracy 2010; Howeth et al. 2008; Kuo & Janzen 2004). For example pairwise
FST values only ranged between 0.003–0.132 for the desert tortoise (G. agassizii) populations
studied by Hagerty & Tracy (2010). Even the high pairwise FST value of 0.325 obtained from
population comparisons of the yellow-spotted river turtle (Podocnemis unifilis) in South America
(Escalona et al. 2008) are low compared to the values obtained from the gopher tortoise (Fig.
4.7). This suggests that some gopher tortoise populations are highly differentiated compared to
populations of similar species.
Pairwise FST values were correlated between the MHC class I locus and microsatellites,
and the same was true for the class II locus and microsatellites. This suggests that neutral genetic
processes are influencing MHC locus variation. This does not mean that selection is absent as I
detected positive selection acting on the PBR sites of the MHC class II locus, rather it is possible
that the generally small sizes of gopher tortoise populations allows neutral genetic processes to
have a greater influence than if populations were larger, where selection would overpower or
mask the effects of genetic drift (Whitlock 2000). In particular, when the selection coefficient (s)
is less than or equal to (1/(2(Ne)), a locus under selection will behave like a neutrally evolving
locus (Wright 1931). For example, an MHC locus with a selection coefficient for a particular
allele of 1% would be effectively neutral in population with an Ne less than or equal to 50
(Frankham et al. 2010). The gopher tortoise populations I surveyed have much larger effective
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populations than 50 individuals (Table 4.2), so perhaps the selection coefficients for many of the
alleles of MHC class II locus are smaller than 1%. Further, although the MHC class II locus may
have experienced selection in the past, it may be acting more like a neutral locus in current
generations. Genetic drift outweighs selection at MHC loci for populations of tuatara (Miller et
al. 2008), Peary caribou (Taylor et al. 2012), New Zealand robins (Miller & Lambert 2004), and
northern elephant seals (Weber et al. 2004), so my results are consistent with previous studies.
There was an effect of isolation by distance for the MHC and microsatellite loci, which
suggests tortoise dispersal limits genetic connectivity as distance among populations increases.
Gopher tortoises are not particularly vagile and have small home ranges and dispersal distances.
For example, gopher tortoise mean home ranges in one Florida population were less than 1 ha,
and maximum dispersal distances were less than 1 km (Diemer 1992). This suggests that
continued habitat fragmentation will have negative effects on population genetic connectivity for
both neutral and adaptive markers.
There was once migration among population clusters, but more recently, migration has
lessened. Contrary to isolation by distance and recent migration results suggesting limited
movement of tortoises among populations, historical migration analyses suggest at least some
movement between population clusters. Historical migration rates estimated with Migrate-N
suggest that tortoises have moved between population clusters; however, there appear to be
fewer tortoises as recent migrants. It is also possible that some recent migrants do not represent
natural movement but rather translocations as some of the individuals had high membership
coefficients to populations > 1km beyond their sampling location.
Habitat loss, especially loss of longleaf pine forest (Allen et al. 2006), appears to have
reduced tortoise population genetic connectivity and may contribute to loss of genetic diversity
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(Frankham et al. 2010). Habitat loss may have reduced population connectivity for other longleaf
pine associated-species (e.g., Koopman & Carstens 2010; Pauly et al. 2007; Richter et al. 2014;
Stangel et al. 1992). For example, red-cockaded woodpeckers (Picoides borealis) survive in
isolated populations that have little genetic connectivity with smaller more isolated populations
in danger of losing genetic diversity (Stangel et al. 1992). Although small populations of gopher
tortoises and other species may have reduced genetic diversity, such populations may be
conservation value because they harbor unique alleles and serve as stepping stones connecting
larger populations across the landscape (Stangel et al. 1992).
There are several conservation implications for the findings presented in this paper. First,
western gopher tortoises have lower genetic variation than their eastern counterparts, which may
lower reproductive success in western tortoises, especially in the Southern Mississippi
populations studied by Epperson & Heise (2003). Second, gopher tortoise populations appear to
have moderate to high diversity at the MHC class II locus, which is advantageous for the
adaptive potential of populations, especially if new pathogens or strains become introduced into
gopher tortoise populations (Sommer 2005). Third, neutral genetic processes are influencing
MHC evolution in gopher tortoises, which may be due to the generally small sizes of gopher
tortoise populations such that selective pressures are low enough that genetic drift is able to
appreciably influence genetic differentiation (Willi et al. 2006). Because of small population
sizes, it is possible that beneficial alleles may be lost in future gopher tortoise generations due to
genetic drift (Fisher 1930). Fourth, I agree with the Clostio et al.’s (2012) designation of two
evolutionary significant units for gopher tortoises based on mitochondrial and microsatellite data
here also supported by MHC data: (1) tortoises west of the Alabama and Tombigbee Rivers, and
(2) tortoises east of these rivers. Tortoises in western Georgia probably warrant separate
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management from those in eastern Georgia due to uniqueness of microsatellite and MHC
variation. Fifth, gopher tortoise populations appear to have been better connected in the past
when habitat was less fragmented, and restoring population connectivity is important for
minimizing loss of current levels of genetic variation.
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CHAPTER 5: GO2TR: A GENE ONTOLOGY-BASED WORKFLOW TO GENERATE
TARGET REGIONS FOR TARGET ENRICHMENT EXPERIMENTS1
INTRODUCTION
The adoption of next-generation sequencing technologies and accumulation of genomic
resources have created not only new research avenues but also design, analysis, and cost hurdles
for biologists. Techniques such as target enrichment experiments may help biologists with cost
and analysis difficulties because they capture sequences from specific, desired targets and
maximize sample sizes per sequencing run (reviewed in: Mamanova et al. 2010). By focusing on
highly conserved genomic elements, biologists have even used target enrichment experiments to
examine genome-wide variation in non-model organisms (e.g., Faircloth et al. 2012). To
successfully implement target enrichment experiments, interested biologists must be able to
identify target regions to capture desired sequences. Identifying target regions is not trivial, and
overcoming this challenge is my impetus for presenting the following workflow.
Here I describe a workflow (GO2TR, for Gene Ontology to Target Region) that generates
a target region by filtering an annotated reference genome using gene ontology (GO), a
hierarchical classification schema used to organize genes based on function (Ashburner et al.
2000). The workflow outputs a target region that can be used for bait design in target enrichment
experiments. If a relative for a non-model organism has an annotated genome, GO2TR can also

_______________________
1

This chapter previously appeared as:
Elbers JP, Taylor SS (2015) GO2TR: a gene ontology-based workflow to generate target regions
for target enrichment experiments. Conservation Genetics Resources 7, 851-857.
It is reprinted by permission of Jean P. Elbers and Springer —see the permission letter in
Appendix B.
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be used to design target regions for capturing sequences from non-model organisms. GO2TR
source code and documentation are available from https://github.com/jelber2/GO2TR (see Data
Accessibility section).
The four steps for GO2TR are outlined in the following section.
GO2TR
Step 1: Get gene annotations
First, the user specifies gene annotations (Fig. 5.1, Step 1) for a genome annotated by the
National Center for Biotechnology Information (NCBI) Eukaryotic Genome Annotation Pipeline
(Pruitt et al. 2014). Although NCBI does not label its genes with GO terms like other genome
browsers such as Ensembl (Flicek et al. 2014) and UCSC (Kent et al. 2002), NCBI has annotated
over 230 eukaryotic genomes (for species details and ftp links see,
http://www.ncbi.nlm.nih.gov/genome/annotation_euk/all/), so there is a good chance of finding a
reference genome closely-related to a desired species of conservation concern. NCBI’s gene
annotations are stored in gff3 files (generic feature format version 3), and GO2TR filters these
gene annotations, keeping only exons predicted from mRNA (mRNA exons) and uses the
genomic arithmetic program BEDTools (Quinlan & Hall 2010) to merge overlapping exons that
may result from mRNA transcript variants, which can share exons. This merging process creates
a non-redundant, provisional exome. GO2TR also processes the gene annotations to make an
mRNA list. These mRNAs need GO terms, so I provide instructions to use GOanna, a tool from
the AgBase toolkit (McCarthy et al. 2006), which assigns GO identifiers (i.e., the unique sevendigit number for each GO term) to sequence queries using homology. I include additional scripts
that process GOanna output into the proper mRNA-GO list format.
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Fig. 5.1 Flowchart for GO2TR. Numbers refer to the workflow steps in the manuscript. Smallitalicized text indicates the dependent software used to accomplish the task in a particular
substep; GO, gene ontology; id, identifier
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Step 2: Select GO term
GO2TR requires a list of GO identifiers (GO id list) to filter the mRNA-GO list. To make
the GO id list, the user selects an appropriate upper-level GO term that best encapsulates the
desired gene function or role (Fig. 5.1, Step 2). For those not familiar with GO terms, I
recommend GO2TR users search the AmiGO database (http://amigo.geneontology.org/amigo) to
find GO terms or genes that would be of interest (for additional ideas see also the
Recommendations section below). Next, the GO id list needs all GO ids below the upper-level
GO term (i.e., the GO term’s children or descendants). One option for producing the GO id list is
GOOSE (GO Online SQL Environment, http://amigo.geneontology.org/goose), and I provide
scripts and recommendations to use GOOSE in GO2TR’s documentation.
Steps 3 and 4: Filter mRNA-GO list, then filter the provisional exome
Two custom Python scripts filter the output files from Steps 1 and 2. The first script
filters the mRNA-GO list and retains only mRNAs with GO ids contained in the GO id list,
producing a retained mRNA list (Fig. 5.1, Step 3). The second script filters the provisional
exome by the retained mRNA list (Fig. 5.1, Step 4), resulting in a BED file
(http://genome.ucsc.edu/FAQ/FAQformat.html#format1) of the target region containing rows for
each genomic interval (i.e., these intervals correspond to merged gene regions containing 5’
untranslated regions (UTRs), exons, and 3’ UTRs) described by six columns: column 1 –
chromosome or contig for the genomic interval; column 2 – starting base pair for genomic
interval; column 3 – ending base pair for genomic interval; column 4 – name of the genomic
interval; column 5 – score of the genomic interval; and column 6 – strand for the genomic
interval. Columns 4 and 5, which are optional, are not used by GO2TR and contain only a
period.
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TO USE GO2TR
GO2TR was designed and tested on MacOSX but should also work on most Linux
distributions with standard Perl, Python, and Awk installations. Users first download and install
BEDTools, then they copy three GO2TR scripts to their GO2TR directory. Next, users supply a
gene annotation file in gff3 format (Fig. 5.1, Step 1) and use the provided scripts to make the
provisional exome and mRNA-GO list. Then, users follow provided instructions to make the GO
id list (Fig. 5.1, Step 2). GO2TR is now ready to filter the mRNA-GO list (Fig. 5.1, Step 3) and
provisional exome (Fig. 5.1, Step 4). GO2TR can generate a target region in under 10 minutes
using very modest hardware requirements as I created the target regions in the next section using
a computer with a 1.66 GHz Intel Core Duo processor and 2 GB memory.
PROOF OF CONCEPT
GO2TR vs. Ensembl
I compare GO2TR output with data generated using Ensembl Genebuild because
Ensembl assigns GO terms to their gene annotations (Flicek et al. 2014), allowing us to
determine how well GO2TR constructs target regions. I chose the Pelodiscus sinensis (Chinese
soft-shelled turtle) genome assembly because both NCBI annotation and Ensembl Genebuild
runs have been completed (Wang et al. 2013). I first created a GO id list targeting genes
involved in immune responses (i.e., GO:0006955 and all of its descendants) using GOOSE. With
this GO id list, I generated two target regions, one for the NCBI’s P. sinensis annotation
(annotation release 100) using default settings in GO2TR and the other with data from Ensembl
BioMarts (Kinsella et al. 2011). For the Ensembl target region, I used P. sinensis data from the
Ensembl Genes 75 database. I gathered exons with Ensembl-assigned GO terms (not GOanna),
merged overlapping exons with BEDTools, and filtered the non-redundant exons using the same
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GO id list used in the GO2TR workflow. Finally, I converted GO2TR RefSeq accessions to their
original GenBank accessions and compared GO2TR and Ensembl genomic coordinates using
BEDTools intersect.
GO2TR’s target region for the GO term immune response comprised 4,790 intervals
covering 1,218,559 bases, while the target region for the same GO term with Ensembl’s gene
annotations and GO terms contained 3,721 intervals representing 878,212 bases. Nearly three
quarters of Ensembl’s intervals (71.25 %) were missing in GO2TR’s target region, and more
than half (63.0 %) of GO2TR’s intervals were not present in Ensembl’s target region (Table 5.1).
Both target regions also contained flanking bases, situations where an interval in one target
region only partially overlapped an interval in the other target region, resulting in additional,
non-overlapping 5’ or 3’ bases. Flanking intervals were short and not prevalent because shared
intervals were determined by overlap of at least 99 %.
Differences between GO2TR and Ensembl target regions most likely occurred because
NCBI and Ensembl did not annotate genes in the same manner. While both annotation pipelines
used the same genome assembly and publicly available protein and cDNA information for the P.
sinensis, the poor availability of species-specific proteins required each pipeline to choose
protein information from other species on which to base gene models. In particular, the Ensembl
annotation drew heavily on proteins from its annotation of Gallus gallus (chicken) and Anolis
carolinensis (green anole) as well as other species in the Universal Protein Resource (UniProt)
database (Consortium 2008; Ensembl 2012). NCBI’s annotation used proteins in GenBank and
RefSeq from reptiles, birds, and humans (Wayne Matten, NCBI, pers. comm.).
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Table 5.1 Comparison of two target regions made by filtering the Pelodiscus sinensis 1.0 genome
assembly using the gene ontology term immune response (GO:0006955) and its descendants.
GO2TR’s target region was generated using standard GO2TR settings and mRNA predicted by
the NCBI Eukaryotic Genome Annotation Pipeline. Ensembl’s target region was generated using
gene annotations and GO term associations from Ensembl Genebuild. For each comparison,
features found in the first target region are compared to features in the second. Shared features
overlap at least 99 %, while unique features are present in the first but not the second target
region. Shared intervals differ slightly between the two target regions because some were
considered flanking, which are those present in the first target region that stretch beyond
intervals in the second, resulting in non-overlapping 5’ or 3’ bases.
Intervals
Bases
Comparison
Shared
Flanking
Unique
Shared
Flanking
Unique
GO2TR x
1,372

5

3,413

206,049

15

1,012,495

1,365

12

2,344

206,049

36

672,127

Ensembl
Ensembl x
GO2TR

GO2TR and Ensembl target regions also differed because GOanna did not assign GO
terms using the same criteria as Ensembl. Roughly speaking, Ensembl searched the UniProt
database using predicted proteins from the P. sinensis, and if the best match had greater than 70
% query coverage, then the predicted protein would be assigned the gene ontology term of the
best match (Ensembl 2012). For GOanna, I did not limit matches based on query coverage, rather
I used an expected value of 10e-20, which likely resulted in a larger GO2TR target region. Using
GOanna and less stringent assignment criteria on Ensembl gene annotations, I was able to create
a target region similar in size to GO2TR’s region (Table 5.2).
GO2TR’s utility for non-model organisms: in-silico analysis
To approximate GO2TR’s utility for designing target regions to capture sequences from
non-model organisms, I performed an in-silico analysis. First, I created a target region and then
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generated sequences complementary to my target region. These complementary sequences,
called “baits” or “probes”, are used to capture desired targets in target enrichment experiments. I
analyzed how well my baits “matched” other genomes in-silico, comparing matches among
genomes with various degrees of shared ancestry to the reference genome used to design the
baits. In-silico analysis was done to simulate the performance of target enrichment experiments
where the target region was designed from one model species but is used to capture
corresponding sequences in another, closely-related taxon.
Specifically, I created a target region to capture the Chrysemys picta bellii (western
painted turtle)’s immunome (i.e., genes involved in immune response). I filtered the C. p. bellii
3.0.1 genome assembly (Shaffer et al. 2013) annotated by the NCBI Eukaryotic Genome
Annotation Pipeline (annotation release 100) using the GO term immune response. Jean-Marie
Rouillard of MYcroarray Inc. (Ann Arbor, MI, USA) used a proprietary pipeline to generate bait
sequences to capture my target region (see next paragraph for details). Bait sequences were
intended for use in an in-solution hybridization experiment, a target enrichment method where
baits are designed to hybridize with desired targets in a pool of DNA at a specific temperature
(see below). Desired targets are enriched and sequenced as previously described (Gnirke et al.
2009).
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Table 5.2 Comparison of two target regions made by filtering the Pelodiscus sinensis 1.0 genome
assembly using the gene ontology term immune response (GO:0006955) and its descendants.
GO2TR’s target region was generated using standard GO2TR settings and mRNA predicted by
the NCBI Eukaryotic Genome Annotation Pipeline. Ensembl-GOanna’s target region was
generated using gene annotations and GO term associations determined by GOanna. For each
comparison, features found in the first target region are compared to features in the second.
Shared features overlap at least 99 %, while unique features are present in the first but not the
second target region. Shared intervals differ slightly between the two target regions because
some were considered flanking, which are those present in the first target region that stretch
beyond intervals in the second, resulting in non-overlapping 5’ or 3’ bases.
Intervals
Bases
Comparison

Shared

Flanking

Unique

Total

Shared

Flanking

Unique

Total

2,319

11

2,460

4,790

343,512

24

875,023

1,218,559

2,311

19

3,246

5,576

343,512

44

968,459

1,312,015

GO2TR x
EnsemblGOanna

EnsemblGOanna x
GO2TR
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Bait sequences were made by slicing the input sequences from the target region into 120bp pieces with 60-bp overlap (i.e., 2X tiling). Each candidate bait sequence was used in a
BLAST search (Altschul et al. 1990) against the reference genome masked for the target region
to eliminate hits from the original sequence, and BLAST matches for each bait sequence were
counted and sorted into one of six Tm bins, where Tm is the temperature at which 50% of
molecules are hybridized to their complementary strand. Temperatures for Tm bins were 40–60,
60–62.5, 62.5–65, 65–67.5, 67.5–70, and above 70°C, and the number and distribution of
BLAST match Tms for a bait sequences approximates how well the bait will capture its
complementary sequence at a particular hybridization temperature. If a bait has multiple BLAST
matches to targets with Tms above the typical hybridization reaction temperature of 65°C, then
the candidate bait is discarded because of non-specific hybridization (Rouillard et al. 2003).
Alternatively, if one match has a Tm above 65°C and the remaining are below, then the
candidate bait is kept. Thus candidate bait sequences were accepted or discarded based on the
number and distribution of BLAST match Tms relative to a 65°C hybridization temperature.
After discarding bad candidate baits, I used BLAT v.35x1, a less computationally
intensive alternative to BLAST (Kent 2002), to compare the remaining 18,441 bait sequences
against two turtle genomes P. sinensis (Wang et al. 2013), and Chelonia mydas (green sea turtle,
Wang et al. 2013) as well as Alligator mississippiensis (American alligator, St John et al. 2012)
and Python molurus bivittatus (Burmese python, Castoe et al. 2013) genomes, all of which were
at the scaffold genome completion level (i.e., inferred contigs could only be assembled into
scaffolds and not chromosomes). Bait sequences were predicted to work if the bit score for their
best match was greater than 108, which is bait length (120 bases) multiplied by 0.9 (i.e., 90 %
similarity, which is near the lower limit of required similarity for baits to hybridize to
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complementary targets; Jean-Marie Rouillard, pers. comm.). I used GenomeTools v1.5.4
(Gremme et al. 2013) to compute intron coordinates and BEDTools v2.22.1 to determine if nonworking baits intersected exon/intron boundaries.
Percentages of working baits ranged between 48–86 % within turtles and dropped to 24
% and 7 % for A. mississippiensis and P. m. bivittatus, respectively (Fig. 5.2). Percentages were
also negatively correlated with age of the most recent common ancestor between C. p. bellii and
the genome being compared (Pearson’s r = -0.9998, p < 0.001).This illustrates the importance of
choosing a reference genome related as closely as possible to the target genome during bait
design, as choosing an organism that is more distantly-related from the target taxon would result
in capturing fewer, desired sequences. Approximately 2,400 baits did not work in any compared
genome. Because baits occurring in exons less than 120 bases were lengthened on both ends,
1203 of the non-working baits included exon/intron boundaries, which are less likely to be
conserved.
GO2TR’s utility for non-model organisms: experimental analysis
To test the utility of GO2TR for non-model organisms experimentally, I had MYcroarray
synthesize 18,441 custom RNA baits (see previous section on design details) for use in an insolution hybridization experiment to capture the immunomes of 16 Gopherus polyphemus
(gopher tortoises), a tortoise whose most recent common ancestor to C. p. bellii existed
approximately 70 million years ago (Near et al. 2005). I created one Illumina adaptor-ligated
library per tortoise using Agilent SureSelect XT2 Reagent Kits for the Illumina MiSeq (Agilent
Technologies, Santa Clara, CA, USA), pooled equimolar portions of the 16 prepared libraries,
added 5uL baits to capture 500ng DNA, and used MYcroarray hybridization and capture
reagents and protocols for sequence capture.

120

Fig. 5.2 Approximate age of the most recent common ancestor between Chrysemys picta bellii
and: Gopherus polyphemus, Chelonia mydas, Pelodiscus sinensis, Alligator mississippiensis, and
Python molurus bivittatus compared to the percentage of working baits sequences for the C. p.
bellii’s immunome (genes involved in immune response) target region made with GO2TR.
Percentages for C. mydas, P. sinensis, A. mississippiensis, and P. m. bivittatus based on bait
sequence BLAT search results to each genome in-silico, while percentage for G. polyphemus
comes from experimental target enrichment data. Best fit line calculated using all data points,
except for G. polyphemus. Age estimates (mya, millions of years ago) for most recent common
ancestors among turtles from Near et al. (2005) and for A. mississippiensis and P.m. bivittatus
from Shedlock & Edwards (2009).
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I then sequenced post-capture amplification libraries on two Illumina MiSeq sequencer
flow cells (i.e., all 16 individuals sequenced twice) using 75-bp paired-end reads.
Reads from each MiSeq run were demultiplexed, allowing for up to one mismatch in the
8-bp barcode using MiSeq Reporter software. I then used TRIMMOMATIC v0.32 (Bolger et al.
2014) for adapter trimming and quality filtering. I used default settings for adapter trimming, and
for base quality filtering, I trimmed leading and trailing bases with quality scores less than 5 and
15, respectively. Next I used 4-bp sliding window scans to remove the 3' end of reads if average
quality dropped below 15. Finally, all reads less than 40 bases were discarded. Following adapter
trimming and quality filtering, I merged overlapping paired-ends reads with BBMerge v5.4 from
the BBMap suite (https://sourceforge.net/projects/bbmap/) then combined mateless single reads
and merged paired reads for downstream analysis. Paired and single plus merged reads were first
mapped separately to the C. p. bellii 3.0.3 genome (NCBI annotation release 101) using the
BWA-MEM algorithm implemented in BWA v0.7.12 (Li 2013; Li & Durbin 2009), and then
mapped more divergent reads using STAMPY v1.0.23 (Lunter & Goodson 2011). I used NCBI
Remap (http://www.ncbi.nlm.nih.gov/genome/tools/remap) to convert my bait intervals from C.
p. bellii 3.0.1 to C. p. bellii 3.0.3 coordinates.
Mapped reads were then processed using the Genome Analysis Toolkit v3.3.0 (GATK,
McKenna et al. 2010), adhering to best practices for exome sequencing and calling variants such
as single nucleotide polymorphisms (SNPs) and insertions/deletions (indels) with GATK's
Unified Genotyper. Briefly, I used SAMTOOLS v1.1 (Li et al. 2009) to convert BWA output
and to merge binary alignment map (BAM) files from paired reads and single plus merged reads.
I then used PICARD v1.128 (http://broadinstitute.github.io/picard/) to clean and sort resulting
BAM files and added read groups to delineate samples. Next, I used SAMTOOLS to merge
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reads for each sample from the two MiSeq runs. Then, I marked PCR duplicates with PICARD
and sorted the BAM files before using GATK to realign around indels. Then, I used PICARD to
create an interval list from my bait coordinates and called variants within these coordinates in
three rounds of base quality score recalibration using GATK's Unified Genotyper until reported
quality scores approximated empirical quality scores. Next, I calculated sequencing metrics with
PICARD’s CalculateHsMetrics. Finally, I determined the number of captured immune genes
using the featureCounts program (Liao et al. 2014).
From two MiSeq runs, I obtained 47.5 million reads that passed quality control and were
assignable to individuals. Each tortoise had 3.0 ± 0.7 (mean ± standard deviation) million reads
of which 47.9 ± 3.2 % were unique (i.e., were not PCR duplicates) and 98.8 ± 0.1 % of these
unique reads could be aligned to my target region. Mean sample coverage over the entire 1.4
Mbp target region was 65.4 ± 13.0 reads, and each sample had 69.3 ± 3.6 % target bases with
coverage greater than 20 reads. Because 95.4 % of target bases had more than 2X coverage, bait
performance was within the range predicted by in-silico analysis (see best fit line in Fig. 5.2).
My target region encompassed 630 immune genes, and I was able to map 611 immune genes
from G. polyphemus to the C. p. bellii reference.
RECOMMENDATIONS
GO2TR was designed to help users specify candidate target regions for bait design in
target enrichment experiments. It does not include filtering steps to remove genomic intervals
based on length of markers, percent GC content, low complexity, or repetitive sequences because
I recommend other tools do these tasks during bait design. Bait design pipelines from companies
such as MYcroarray, Agilent (Agilent SureDesign), and NuGen Technologies Inc. (San Carlos,
CA, USA) can handle desired filtering. Resulting baits can work for not only the organism used
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as the reference genome but also for closely related non-model organisms such as congeners or
in extreme cases sometimes taxa within the same order (Fig. 5.2), particularly if users retain only
exons from the gene annotations supplied in Step 1 (Fig. 5.1). Users can also target entire genes
by modifying the filtering parameters of supplied scripts, but this creates a larger target region,
which requires more baits and can increase bait synthesis costs. Introns are also less likely
conserved.
Because users specify the gene function of interest to filter the annotated reference
genome (Fig. 5.1, Step 2), they can simultaneously target many genes associated with important
ecological traits. For example, genes involved in behavior (GO:0007610, the “behaviorome”),
such as DRD4, a gene associated with novelty-seeking behavior in a variety of vertebrates
including wild birds (Korsten et al. 2010), may influence traits such as dispersal. Olfaction genes
(GO:0007608, the “olfactome”) may play important roles in kin recognition (e.g., Broad &
Keverne 2012), and loss of kin recognition may influence inbreeding among closely related
individuals and even hybridization of threatened taxa with congeners (Brzeski et al. 2014).
Genetic determinants of pigmentation (GO:0043473, the “pigmentome”) such as the
melanocortin-1 receptor (Mc1r) gene may be important in prey crypsis as has been implicated in
Peromyscus polionotus (oldfield mice, Manceau et al. 2010).
OTHER USEFUL TOOLS TO USE IN CONJUNCTION WITH GO2TR
GO2TR and its dependent tools are not the only options for users wishing to design target
regions using gene ontology. In particular, BLAST2GO (Conesa et al. 2005) could be used
instead of GOanna to assign GO terms, which would free dependence on GOanna servers.
Ideally, users would perform BLAST searches on a personal computer, cluster, or in the cloud
and then use BLAST2GO software to analyze the results instead of tasking BLAST2GO servers
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with BLAST searches. Unlike GO2TR; however, BLAST2GO does not include scripts to
identify a target region, so users would still need to use parts of GO2TR. Trinotate
(http://trinotate.github.io/) is another useful tool, albeit more complicated to use than GOanna,
which in conjunction with GO2TR would allow researchers to perform target enrichment on
species for which no closely-related genome annotation file is available from NCBI. For
example, interested users could first perform an RNA-Seq experiment, assemble their organism’s
transcriptome using Trinity (Grabherr et al. 2011), predict genes along with their function using
Trinotate, and then finally filter the genes by desired function using modified GO2TR scripts to
create a target region.
Data Accessibility
GO2TR source code, documentation, example dataset, and data plus scripts to create
Tables and Figures are available from https://github.com/jelber2/GO2TR
In addition to the GO2TR workflow presented here, I have also designed an R package,
called rGO2TR, which implements many of the GO2TR functions and is available from
https://github.com/jelber2/rGO2TR
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CHAPTER 6: POPULATION GENETIC INFERENCES USING IMMUNE GENE SNPS
MIRROR PATTERNS INFERRED BY MICROSATELLITES1
INTRODUCTION
Molecular markers vary in their utility and application to population genetic studies, and
geneticists use available markers suited to answering questions at hand. Initially, geneticists only
had allozymes and used them to infer nucleotide changes underlying differences in protein
migration during electrophoresis. Later, variable mitochondrial DNA markers were used because
of the availability of conserved primers and the high copy number of mitochondria, but
mitochondrial markers mostly provided information on broad-scale genetic patterns (Moritz
1994). Presently, markers such as microsatellites are commonly used in population genetics
because most are presumed neutral, are found throughout genomes, and can elucidate fine-scale
spatial genetic patterns (e.g., Clostio et al. 2012).
Genomic resources, hybridization arrays, fluorescent probes, and next-generation
sequencing (NGS) have allowed researchers to access other types of genomic markers, and
recently large arrays of single nucleotide polymorphisms (SNPs) have become particularly
popular in population genetic studies of not only model but also non-model organisms (Allendorf
et al. 2010). SNPs are one of the most numerous molecular markers (Gupta et al. 2001), and
thousands to millions of them can be examined simultaneously using NGS techniques compared
to dozens observed in traditional Sanger sequencing-based approaches.
_______________________
1

This chapter previously appeared as:
Elbers JP, Clostio RW, Taylor SS (in press) Population genetic inferences using immune gene
SNPs mirror patterns inferred by microsatellites. Molecular Ecology Resources.
It is reprinted by permission of Jean P. Elbers and John Wiley and Sons —see the permission
letter in Appendix C.
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However, as the preferred tool shifts from microsatellites to genome-wide SNPs, it is
important to understand new results in the context of previous research.
Prior research has shown that microsatellite-derived population genetic parameters
generally correlate with parameters derived from SNPs. Most data from pre-NGS SNP methods
find correlations between microsatellites and SNPs (e.g., Coates et al. 2009; Garke et al. 2012;
Glover et al. 2010; Narum et al. 2008; Ryynänen et al. 2007), but there are some exceptions
(e.g., DeFaveri et al. 2013; Väli et al. 2008). Considerably fewer studies have compared genetic
inferences derived from microsatellites to inferences from thousands of NGS generated SNPs,
but there are some examples from restriction site-associated DNA sequencing (RADseq) studies
where correlations are present (Jeffries et al. 2016) between the two types of markers for
population genetic parameters or not (Lozier 2014). As more and more studies use NGS data, a
better understanding of this relationship is imperative because many current management and
recovery plans currently in effect are based on genetic data from microsatellites, and these plans
may change if results from microsatellites and NGS data are consistently and substantively
different.
Although microsatellites are frequently presumed to be neutral because they are not
transcribed or translated, they can be linked to functional genes under selection (e.g., Li et al.
2014; Vasemägi et al. 2005) or may be involved in DNA folding (Li et al. 2002). SNPs can be
influenced by either neutral or adaptive genetic processes and can represent functional, coding
regions of the genome, which on the one hand are under purifying selection to avoid deleterious
changes and on the other under positive selection for advantageous changes. For example, SNPs
present in genes that influence immune response are likely to be under strong positive selection
as such changes could provide resilience to infectious disease (Bernatchez & Landry 2003;
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Sommer 2005). Additionally, SNPs in immune genes may be under balancing selection to
maintain polymorphisms in populations (e.g., Niskanen et al. 2014) by types of balancing
selection such as heterozygote advantage, frequency-dependent selection, and variable selection
in time and space (Hedrick 1999).
Although genes such as immune genes are predicted to be under strong selective
pressure, neutral genetic processes affect the entire genome, including genes under selection,
even when selection is the main evolutionary force (Kuo et al. 2009; Lynch et al. 2011).
However, when effective population sizes (Ne) are small, genes influenced by selection may
behave like effectively neutral loci because genetic drift tends to outweigh selection in small
populations (e.g., Grueber et al. 2013; Miller & Lambert 2004). In particular, loci under selection
may be effectively neutral if their selection coefficient (s) is less than or equal to (1/(2Ne))
(Wright 1931). For example, for alleles of immune response genes such as those of the major
histocompatibility complex (MHC), which can have high selection coefficients of 1%, such
alleles could behave like effectively neutral loci if effective population sizes are less than 50
individuals (Frankham et al. 2010). Empirical studies support these conclusions as MHC loci
behave like effectively neutral loci for a variety of threatened vertebrates with small,
bottlenecked populations (Miller et al. 2008; Taylor et al. 2012; Weber et al. 2004).
I recently applied genomic approaches to the threatened gopher tortoise (Gopherus
polyphemus) by isolating genes involved in immune responses to better understand susceptibility
to a chronic and occasionally fatal infectious upper respiratory tract disease (Elbers & Taylor
2015). These samples were also previously genotyped at 10 microsatellites by Clostio et al.
(2012) providing an excellent opportunity to compare population genetic parameters derived
from presumably neutrally evolving microsatellites and presumably drift and/or selection-
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influenced immune gene SNPs from an organism with generally small population sizes.
I leveraged the NGS (Elbers & Taylor 2015) and microsatellite (Clostio et al. 2012) data
already collected for G. polyphemus to compare estimates of population genetic diversity,
differentiation, and admixture derived from immune gene SNPs and microsatellites using
samples from the same populations to better understand how NGS SNP inferences relate to those
from microsatellites. I also subsample my SNPs to determine how many are needed to replace a
given number of microsatellites for estimating genetic diversity and differentiation. Although
immune gene SNPs are putatively under selection and microsatellites are presumably neutral, I
predict inferences from immune gene SNPs will mostly correlate with microsatellite inferences
as there will be a preponderance of selectively neutral immune gene SNPs due to the generally
small population sizes of G. polyphemus. I also predict that not all of the discovered SNPs will
be needed to replace microsatellites for estimating diversity and differentiation.
METHODS
Samples
Because SNP analyses are often costly, smaller sample sizes than those used in
microsatellite studies are typical. In this study I was interested in how a smaller sample size but a
larger number of SNP markers would compare to a typical microsatellite dataset. I was limited to
analyzing SNPs from 16 tortoises, so I randomly chose 16 G. polyphemus from 4 sample
populations (4 per population, Fig. 6.1). These 4 sample populations were chosen out of the 24
used by Clostio et al. (2012) because they were distributed along an east to west gradient and
were likely representative of the genetic variability for the species. I compared the SNP dataset
to two microsatellite datasets: (1) the full microsatellite dataset of 101 tortoises sampled by
Clostio et al. (2012) (Table 6.1); and, (2) a partial microsatellite dataset of 16 tortoises.
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Fig. 6.1 Gopherus polyphemus range map and sampling sites used in this study. Range of
western G. polyphemus populations darkly shaded on the left with eastern populations lightly
shaded on the right. LA for Florida Gas Pipeline, Washington Parish, Louisiana, USA (latitude,
longitude, sample size for full microsatellite dataset = 30.78, -90.00; N = 36). AL for Solon
Dixon, Andalusia, Alabama, USA (31.16, -86.70; N = 20). GG for Jones Ecological Research
Center, Georgia, USA (31.23, -84.47; N = 26). FL for Private Site, Nassau County, Florida, USA
(30.59, -81.56; N = 19)
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Table 6.1 Comparisons of full (101 individuals) and partial (16 individuals) microsatellite
datasets with SNP dataset (16 individuals) for Gopherus polyphemus. Values with decimals
represent mean population genetic parameter values. AR for allelic richness, Ho for observed
heterozygosity, HE for expected heterozygosity, No. pops for number of optimum populations
determined with STRUCTURE HARVESTER for STRUCTURE or visually for PCA.
Variable
SNP dataset Full Microsatellite
Partial Microsatellite

AR

1.541

Correlation with SNPs
Ho

0.267

Correlation with SNPs
HE

0.228

Correlation with SNPs
FST

0.282

Correlation with SNPs

Dataset

Dataset

5.487

2.900

not significant

not significant

0.495

0.469

significant

not significant

0.543

0.531

significant

significant

0.336

0.320

significant

significant

No. pops STRUCTURE

2

4

3

No. pops PCA

4

4

4

I used two microsatellite datasets to: 1) equalize sample size (partial), and; 2) use a sample size
representative of a typical microsatellite study (full). Only 1 GA tortoise in the SNP dataset had
been previously genotyped at all 10 microsatellite loci by Clostio et al. (2012), so for the partial
microsatellite dataset, I randomly chose 3 additional tortoises from the GA population that had
been genotyped at all 10 microsatellites. Thus, the SNP dataset and the partial microsatellite
dataset only differed by 3 samples from the GA population.
Target region for sequencing SNPs
The methods for acquiring SNP data are presented in Elbers & Taylor (2015). Briefly, I
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created a target region to capture the immunome (i.e., genes involved in immune response, sensu
amplo Ortutay & Vihinen (2006)) of Chrysemys picta bellii (western painted turtle) using the
GO2TR workflow (Elbers & Taylor 2015). The workflow filtered the C. p. bellii 3.0.1 genome
assembly (Shaffer et al. 2013) annotated by the NCBI Eukaryotic Genome Annotation Pipeline
(annotation release 100) using the gene ontology term “immune response” (i.e., genes that
function in the immune system's response to internal or invasive threats). Jean-Marie Rouillard
of MYcroarray Inc. (Ann Arbor, MI, USA) generated 120-bp bait sequences with 60-bp overlap
to capture my 1.4Mbp target region.
Library preparation and sequence capture
I used biotinylated RNA baits from MYcroarray in an in-solution hybridization
experiment to capture the immunomes of 16 G. polyphemus. I created 16 Illumina adaptorligated libraries using Agilent Sure-Select XT2 Reagent Kits for the Illumina MiSeq (Agilent
Technologies, Santa Clara, CA, USA), pooled 16 prepared libraries per capture reaction, and
used MYcroarray reagents and protocols for sequence capture. I then sequenced post-capture
amplification libraries on two Illumina MiSeq sequencer flow cells (i.e., all individuals
sequenced twice) using MiSeq version 3 chemistry and 75-bp paired-end reads at Pennington
Biomedical Research Center (Baton Rouge, LA, USA).
Read quality control and mapping
I demultiplexed reads for each MiSeq run, allowing for up to one mismatch in the 8-bp
barcode using MiSeq Reporter software. I used TRIMMOMATIC v0.32 (Bolger et al. 2014)
default settings for adapter trimming, and for base quality filtering, I trimmed leading and
trailing bases with quality scores less than 5 and 15, respectively. I also used sliding window
scans to remove the 3' end of reads when average quality dropped below 15, and discarded reads
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with less than 40 bases. I next merged overlapping paired-ends reads with BBMerge v5.4 from
the BBMap suite (https://sourceforge.net/projects/bbmap/) and then combined unpaired single
reads (n=9.08 million) and merged paired reads for downstream analysis. Paired and single plus
merged reads were first mapped separately to the C. p. bellii 3.0.3 genome using the BWA-MEM
algorithm (Li 2013) implemented in BWA v0.7.12 (Li & Durbin 2009), and then less stringently
using STAMPY v1.0.23 (Lunter & Goodson 2011). I used SAMTOOLS v1.1 (Li et al. 2009) to
merge binary alignment map (BAM) files from paired reads and single plus merged reads. NCBI
remap (http://www.ncbi.nlm.nih.gov/genome/tools/remap) was used to convert my bait intervals
from C. p. bellii 3.0.1 to C. p. bellii 3.0.3 coordinates.
Variant and genotype calling
Mapped reads were then processed using the Genome Analysis Toolkit v3.3.0 (McKenna
et al. 2010), adhering to GATK best practices for exome sequencing and calling variants such as
SNPs with GATK's Haplotype Caller and Unified Genotyper. I then filtered variants to remove
those with bad validation, low quality, low read depth, or low genotype quality to produce a high
quality set of SNPs called by the Unified Genotyper. Next, I called variants from baserecalibrated BAM files using the Haplotype Caller and filtered variants in the same manner as
before. I then looked for concordance between the two variant callers and used concordant SNPs
for variant quality filtering of the Haplotype Caller's call set. Finally, I used BEAGLE v4.0
r1398 (Browning & Browning 2007) for genotype imputation on the variant-recalibrated SNP
set. Following variant calling, I used PICARD's v1.128 (http:// broadinstitute.github.io/picard/)
CalculateHSMetrics to estimate sequencing metrics, and featureCounts (Liao et al. 2014) to
estimate the number of genes and exons covered by each sample.
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Population genomic analyses
For all population genomic analyses, I analyzed only di-allelic polymorphic SNP loci, as
the tri- (n=758) and tetra-allelic (n=7) loci I obtained would influence SNP heterozygosity
estimates. I used VCFTOOLS v0.1.12b (Danecek et al. 2011) to recalculate allele frequencies
from my Beagle-imputated SNPs and then removed loci with allele frequencies of one. I then
pruned SNP loci that were out of Hardy-Weinberg Equilibrium (HWE) or in Linkage
Disequilibrium (LD) within each population using default settings in VCFTOOLS. I used the
p.adjust function in R (Team 2016) to correct P values for HWE and LD tests using a false
discovery rate (Benjamini & Hochberg 1995) of 0.05.
I examined what polymorphic SNPs might be under selection with BayeScan v2.1 (Foll
& Gaggiotti 2008) with the intent of pruning those SNPs that were putatively under selection. I
used the make_bayescan_input.py script to convert variant call format (VCF) to BayeScan input
format (De Wit et al. 2012) and a false discovery rate of 0.05. In order for a given SNP to be
included in the analysis, I required at least four good quality genotypes from each population and
at least one copy of the minor allele for a locus.
For genetic diversity analyses and all subsequent file conversions, I used PGDSpider
v2.0.7.4 (Lischer & Excoffier 2012) and the R package hierfstat v0.04-10 (Goudet 2005) to
assess observed and expected heterozygosity and allelic richness. For population genomic
differentiation, I estimated FST values with hierfstat. For estimating admixture, I performed
principle component analyses (PCA) with hierfstat. I also assessed population admixture using
STRUCTURE v2.3.4 (Hubisz et al. 2009; Pritchard et al. 2000). I ran STRUCTURE with
100,000 burnins and 100,000,000 replicates using correlated allele frequency and the admixture
ancestry models from K = 1–5 with 20 replicates per K value. I used STRUCTURE
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HARVESTER web v0.6.94 (Earl & vonHoldt 2012) to select the best K value and CLUMPAK
web server (Kopelman et al. 2015) to average data from multiple runs and to visualize
population assignments.
Microsatellite analyses
I assessed HWE and LD for the full and partial microsatellite datasets using ARLEQUIN
v3.5 (Excoffier & Lischer 2010). All 10 loci for both datasets were in HWE and linkage
equilibrium. Genetic diversity, differentiation, and admixture were estimated in the same manner
as SNPs using hierfstat and STRUCTURE.
Random sampling of SNPs for subsampling analysis
I examined how many SNP loci would be needed to obtain P values < 0.05 for Pearson’s
r correlation coefficient with the full and partial microsatellite datasets for allelic richness,
heterozygosities, and FST values by randomly subsampling my 17,901 SNPs. I did not include
allelic richness when comparing the SNP and full microsatellite datasets because they were not
correlated at the 0.05 level, and I did not include observed heterozygosity when comparing the
SNP and partial microsatellite datasets because they were not correlated. I randomly chose SNPs
among the following sample sizes using a custom R script: 10, 20, 40, 100, 200, 400, 800, 1,600,
3,200, 6,400, or 13,200 SNPs and calculated the P value of the Pearson’s correlation coefficient
using the cor.test function in R for each sample size of SNP loci for allelic richness, observed
heterozygosity, expected heterozygosity, and FST. I repeated the process and chose 10 replicates
for each sample size for both the full and partial microsatellite datasets.
Effective population size
I estimated effective population size using the full microsatellite and SNP datasets with
the program NeEstimator v2.01 (Do et al. 2014) and employed one single-sample estimator of
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Ne (i.e., the linkage disequilibrium method of (Waples & Do 2008), and two single-sample
estimators of the number of effective breeders per year (i.e., Nb using the heterozygote-excess
method of Zhdanova & Pudovkin (2008) and the molecular coancestry method of Nomura
(2008)). I converted Nb to Ne by multiplying Nb by the generation time of 31 years for the
gopher tortoise (Enge et al. 2006).
RESULTS
From two Illumina MiSeq sequencer runs, I obtained 47.5 million reads that passed
quality control and were assignable to individuals. Each tortoise had 3 ± 0.7 (mean ± standard
deviation) million reads of which 47.9 ± 3.2 % were unique (i.e., were not PCR duplicates), and
98.8 ± 0.1 % of these unique reads could be aligned to my target region (Table 6.2). Mean
sample coverage over the entire target region was 65.4 ± 13 reads, and each sample had 69.3 ±
3.6 % target bases with coverage greater than 20 reads (Fig. 6.2, Fig. 6.3). Only 4.7 % (66.3
Kbp) of the 1.4 Mbp target region had coverage of less than 2 reads. Although my target region
contained a total of 632 immune genes and 5,425 exons, only 611 genes and 4,837 exons were
represented by usable reads. Each sample had reads for 592.1 ± 4.2 genes and 4,106.2 ± 98.1
exons (mean ± standard deviation).
There were 17,901 di-allelic polymorphic SNP loci after filtering and imputation. None
of these loci were out of HWE or in LD, but the lack of LD is unlikely given the close proximity
of loci within the same exon. This may have occurred because I had to correct P values to
account for thousands of multiple tests.
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Table 6.2 Sequencing metrics for Gopherus polyphemus samples. Percent UR for percent of total
reads that were unique, Percent URA for percent of unique reads that were alignable, Mean
coverage for mean number of reads across the target region, Percent 20x for percent of bases in
target region with greater than 20x coverage, No. genes for number of genes, and No. exons for
number of exons.
Total
Percent
Percent
Mean
Percent
No.
No.
Sample
reads
UR
URA
coverage
20x
genes
exons
1 AL102

3,212,450

42.55

98.76

64.70

70.91

592

4,107

2 AL103

4,465,410

41.66

98.74

86.24

74.19

598

4,238

3 AL106

3,359,715

45.62

98.80

71.66

71.70

600

4,156

4 AL108

2,819,070

46.95

98.44

61.44

72.43

600

4,222

5 FL846

3,053,761

48.29

98.77

68.41

69.20

594

4,120

6 FL855

3,001,641

49.99

98.81

70.02

70.43

587

4,162

7 FL857

4,126,014

48.33

98.78

91.60

73.67

595

4,209

8 FL880

2,495,515

47.58

98.60

55.00

67.75

592

4,140

9 GA1044

2,735,000

50.48

98.82

64.47

69.23

594

4,135

10 GA1435

3,114,664

48.01

98.82

69.54

69.22

593

4,088

11 GA1835

3,160,564

47.50

98.80

69.89

70.48

595

4,135

12 GA462

1,692,328

51.00

98.78

40.60

61.15

586

3,934

13 LA62

2,490,648

47.56

98.80

55.58

67.21

592

4,032

14 LA66

2,366,268

48.69

98.63

53.25

65.36

592

3,992

15 LA77

3,449,116

46.20

98.79

74.61

72.28

600

4,162

16 LA78

1,920,641

55.62

98.87

50.10

63.86

596

3,899
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Fig. 6.2 Coverage plots for first eight Gopherus polyphemus samples showing number of
sequencing reads at or above specified proportions. A value at 100 Depth and 0.5 fraction means
50 percent of bases were at or above 100X coverage.

Polymorphic SNPs were present in 491 immune genes (Table D.1, Appendix D) and
included broad classes such as major histocompatibility and Toll-like receptor genes (Table 6.3).
There were 66 SNP loci that may have been under selection, which represented 31 genes.

142

Fig. 6.3 Coverage plots for last eight Gopherus polyphemus samples showing number of
sequencing reads at or above specified proportions.

Pruning these SNPs did not significantly influence results, so I chose to analyze the full
SNP dataset when comparing genetic diversity, differentiation, or admixture between SNPs and
microsatellites.
SNP allelic richness was not positively correlated with values derived from the full
microsatellite dataset (Fig. 6.4.A, Pearson's r = 0.411, P = 0.294); however, SNP and
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microsatellite observed (Fig. 6.4.B, Pearson's r = 0.945, P = 0.028) and expected
heterozygosities (Fig. 6.4.C, Pearson's r = 0.976, P = 0.012) were highly correlated.

Table 6.3 Histocompatibility and Toll-like Receptor Loci with di-allelic, polymorphic SNPs in
the Gopherus polyphemus SNP dataset (16 G. polyphemus sequenced at 17,901 immune gene
SNPs).
Histocompatibility Loci
CD74 molecule, major histocompatibility complex, class II invariant chain
Class I histocompatibility antigen, F10 alpha chain-like
Class II histocompatibility antigen, M alpha chain
Class II, major histocompatibility complex, transactivator
DLA class II histocompatibility antigen, DR-1 beta chain-like
H-2 class II histocompatibility antigen, A-R alpha chain-like
H-2 class II histocompatibility antigen, E-S beta chain-like
HLA class II histocompatibility antigen, DP alpha 1 chain-like
HLA class II histocompatibility antigen, DR alpha chain-like
HLA class II histocompatibility antigen, DR beta 5 chain-like
HLA class II histocompatibility antigen, DRB1-15 beta chain-like
Major histocompatibility complex class I-related gene protein-like
Rano class II histocompatibility antigen, A beta chain-like
Toll-like Receptor Loci
Toll-like Receptor 13
Toll-like Receptor 2
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Table 6.3 continued
Toll-like Receptor Loci
Toll-like Receptor 7
Toll-like Receptor 8
Toll-like Receptor adaptor molecule 1
Toll-like Receptor adaptor molecule 2

Allelic richness was correlated between the SNP and partial microsatellite datasets (Fig. 6.4.E,
Pearson's r = 0.992, P = 0.004). Observed heterozygosity was not correlated (Fig. 6.4.F,
Pearson's r = 0.630, P = 0.185), but expected heterozygosity was (Fig. 6.4.G, Pearson's r = 0.924,
P = 0.038). The LA population followed by FL then GA and AL populations had the lowest to
highest heterozygosity and allelic richness for SNPs. This suggests lower genetic diversity in the
western LA population versus eastern FL, GA, and AL populations based on SNPs, a similar
result to that obtained with both microsatellite datasets.
Pairwise FST values were also positively correlated for SNP and the full (Fig. 6.4.D,
Pearson's r = 0.96, P = 0.001) and partial (Fig. 6.4.H, Pearson's r = 0.968, P < 0.001)
microsatellite datasets. However, LA and AL had the lowest differentiation for SNPs compared
to second lowest for microsatellites.
Population admixture inferred using SNPs suggested an optimum number of two clusters
with STRUCTURE, the first consisting of AL, GA, and LA; the second with FL by itself (Fig.
6.5). For the full microsatellite dataset, there was an optimum of four clusters: one for each
population examined (Fig. 6.6).
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Fig. 6.4 Correlations between 10 microsatellites and 17,901 immune gene SNPs for Gopherus
polyphemus samples. Left column for full microsatellite dataset (101 G. polyphemus genotyped
at 10 microsatellites) for (A) allelic richness, Pearson's r = 0.411, P = 0.294; (B) observed
heterozygosity, Pearson's r = 0.945, P = 0.028; (C) expected heterozygosity, Pearson's r = 0.976,
P = 0.012; and (D) FST, Pearson's r = 0.96, P = 0.001. Right column for partial microsatellite
dataset (16 G. polyphemus genotyped at 10 microsatellites) for (E) allelic richness, Pearson's r =
0.992, P = 0.004; (F) observed heterozygosity, Pearson's r = 0.63, P = 0.185; (G) expected
heterozygosity, Pearson's r = 0.924, P = 0.038; and (H) FST, Pearson's r = 0.968, P < 0.001. AR
for allelic richness, Ho for observed heterozygosity, HE for expected heterozygosity.
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The partial microsatellite dataset had three optimum clusters: the first with LA; the
second with AL and GA; and the third with FL (Fig. 6.7). PCA analysis produced four clusters
for SNPs and both microsatellite datasets (one for each population, Fig. 6.8.A–6.8.C).

Fig. 6.5 STRUCTURE plot for 16 Gopherus polyphemus sequenced at 17,901 immune gene
SNPs with optimum number of clusters K = 2 determined by STRUCTURE HARVESTER.

Fig. 6.6 STRUCTURE plot for the full microsatellite dataset (101 Gopherus polyphemus
genotyped at 10 microsatellite loci) with optimum number of clusters K = 4 determined by
STRUCTURE HARVESTER.

Fig. 6.7 STRUCTURE plot for the partial microsatellite dataset (16 Gopherus polyphemus
genotyped at 10 microsatellite loci) with optimum number of clusters K = 3 determined by
STRUCTURE HARVESTER.
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Fig. 6.8 Principle component analysis for Gopherus polyphemus datasets: (A) the SNP dataset
(16 G. polyphemus sequenced at 17,901 immune gene SNPs); (B) full microsatellite dataset (101
G. polyphemus genotyped at 10 microsatellites); and (C) partial microsatellite dataset (16 G.
polyphemus genotyped at 10 microsatellites). Circles indicate optimum clusters identified using
STRUCTURE and STRUCTURE HARVESTER.
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Random sampling of SNP loci showed that at least 1,600 SNPs were needed to obtain a
significant correlation between SNP- and the full microsatellite dataset for allelic richness (Fig.
6.9.A). Nearly 800 SNPs were needed for expected heterozygosity (Fig. 6.9.B), but only 100
SNPs were needed for SNP- and microsatellite-derived FST values to be correlated (Fig. 6.9.C).
There was a similar pattern for the partial microsatellite dataset for allelic richness, expected
heterozygosity, and FST, where at least 800, 800, and 100 SNPs were needed for significant
correlations, respectively (Fig. 6.10.A–6.10.C. Parameter variability decreased as the number of
randomly chosen SNPs increased, especially after 200, 100, 40, and 40 SNPs for allelic richness,
observed and expected heterozygosity, and FST values respectively (Fig. 6.9, Fig. 6.10).
Effective population sizes estimated using the full microsatellite dataset were not
particularly informative, especially the estimates of infinite population sizes from the
heterozygous-excess and linkage disequilibrium methods (Fig. 6.11.A). Minus the FL
population’s estimate of infinite effective population size, the molecular coancestry method
suggested more reasonable estimates of effective population sizes between 34–589 individuals
per population. Effective population sizes estimated using immune gene SNPs were more
realistic with the heterozygous-excess method suggesting between 133–186 tortoises, and the
molecular coancestry method suggesting between 319–427 tortoises per population (Fig. 6.11.B).
The linkage disequilibrium method was not informative as all effective population sizes were
estimated to be infinite. The Ne estimates that ranged between 34–589 individuals (microsatellite
and SNP molecular coancestry and SNP heterozygous-excess approaches) suggest that selection
coefficients for SNPs would need to be less than 0.1% for genetic drift to outweigh selection.
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Fig 6.9 Subsampling analysis showing how many randomly sampled SNP loci out of the total of
17,901 are needed in comparison to the full microsatellite dataset (101 Gopherus polyphemus
genotyped at 10 microsatellite loci) for Pearson's r correlation coefficient to be significant at 0.05
level (dotted line) for (A) observed heterozygosity; (B) expected heterozygosity; and (C) FST.
There were 10 simulations for each size class of SNPs. Ho for observed heterozygosity, He for
expected heterozygosity.
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Fig. 6.10 Subsampling analysis showing how many randomly sampled SNP loci out of the total
of 17,901 are needed in comparison to the partial microsatellite dataset (16 Gopherus
polyphemus genotyped at 10 microsatellite loci) for Pearson's r correlation coefficient to be
significant at 0.05 level (dotted line) for (A) allelic richness; (B) expected heterozygosity; and
(C) FST. There were 10 simulations for each size class of SNPs. AR for allelic richness, He for
expected heterozygosity.
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Fig. 6.11 Effective population sizes per generation (Ne) along with 95 % confidence intervals for
Gopherus polyphemus samples estimated with the program NeEstimator using (A) the full
microsatellite dataset (101 G. polyphemus genotyped at 10 microsatellite loci) or (B) the SNP
dataset (16 G. polyphemus sequenced at 17,901 immune gene SNPs). Dots that are on the top of
the graph represent Ne estimates of infinity, and lines that extend to the top of the graph
represent upper 95 % confidence limits of infinity. LD for linkage disequilibrium method of
Waples & Do (2008), HET for heterozygote-excess method of Zhdanova & Pudovkin (2008),
and MOL for the molecular coancestry method of Nomura (2008). Note that the HET and MOL
methods estimate the effective number of breeders per year (Nb), which were converted to Ne by
multiplying Nb by the generation time of 31 years for G. polyphemus (Enge et al. 2006).
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DISCUSSION
Estimates of genetic diversity derived from gopher tortoise immunome SNPs and both
microsatellite datasets were typically correlated. Given that most gopher tortoise populations are
small, immune gene SNPs may be behaving like effectively neutral loci. Thus, these correlations
are theoretically reasonable and may hold true for other small populations, for example,
endangered and threatened species generally.
Other studies have observed similar and contrasting correlations between SNP and
microsatellite-derived estimates of genetic diversity. For example, previous work using 7
SNPs/indels and 14 microsatellites found that expected heterozygosity and allelic richness are
positively correlated between the two types of markers in Atlantic salmon populations
(Ryynänen et al. 2007). On the contrary, SNP (n=1–46) and microsatellite (n=10–27)
heterozygosities are not correlated for European and North American wolf populations (Väli et
al. 2008). Likewise, microsatellite-estimated diversity is different between Bombus bumble bee
species, but similar when using RADseq loci (Lozier 2014), thus diversity estimates from these
two markers are not correlated.
In gopher tortoises, the rank order for allelic richness and observed heterozygosity was
similar but not the same for immune gene SNPs and the full and partial microsatellite datasets,
respectively. Similar observations have been made by other studies including those comparing
SNPs and microsatellites in Atlantic salmon (Ryynänen et al. 2007). Rank order may be skewed
between the markers because microsatellites are poly-allelic while SNPs are di-allelic. In
particular, for a microsatellite or SNP marker, there are n ((n – 1)/2) combinations that result in a
heterozygote where n is the number of alleles. Thus, for a di-allelic marker, there is only one
combination of alleles that results in a heterozygote, and for a microsatellite that has at least 5
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alleles (i.e., the average allelic richness for my 10 microsatellites in the full microsatellite
dataset), there are 10 combinations of alleles that are heterozygous. This could explain why
observed heterozygosity was not correlated between SNPs and microsatellites for the partial
microsatellite dataset.
Previous work with microsatellites showed that genetic variation was lower in western
versus eastern G. polyphemus populations (Ennen et al. 2010), and my results with the SNP and
re-analysis of the full microsatellite datasets support this finding. For the partial microsatellite
dataset, the FL and not LA population had the lowest observed heterozygosity, but in the full
microsatellite dataset, the LA population had the lowest observed heterozygosity. The full
microsatellite dataset probably provides better estimates as 36 and 19 tortoises were analyzed for
the LA and FL populations, respectively as compared to just four tortoises in the partial
microsatellite dataset, therefore observed heterozygosity is likely lower in the LA than FL
population. Because I only sampled a single western population (Fig. 6.1), it is not appropriate to
generalize all western populations as genetically depauperate. Ultimately, additional sampling
and immunome sequencing from other western G. polyphemus populations is warranted.
Genetic differentiation
I also observed strong correlations between SNP and microsatellite-derived genetic
differentiation, albeit the order of least to most differentiated comparisons varied. The same was
observed for SNP- and microsatellite-derived FST estimates from four populations of western
corn rootworms (Coates et al. 2009). The incongruence in rank order may have occurred in both
scenarios because of homoplasy issues with microsatellites, where high mutation rates can cause
repeat number to revert to a particular allele size, which can then inflate estimates of gene flow
(Coates et al. 2009).
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Genetic admixture
Population admixture assessments had few inconsistencies between SNPs and
microsatellites. Both PCAs suggested four clusters using either marker. I did observe differences
in STRUCTURE admixture results with the optimum number of clusters being 2 for SNPs and 4
and 3 for the full and partial microsatellite datasets. Morin et al. (2012) compared 42 SNPs
versus 22 microsatellites in bowhead whales and also found that the optimum number of clusters
is different when using STRUCTURE. SNPs and microsatellites may have suggested different
estimates of the optimum number of clusters because some of the SNPs may represent functional
rather than neutral genetic variation like the microsatellites, with both types of markers differing
to what extent they have been influenced by selection and/or genetic drift..
Experimental design considerations
So far, I have discussed how population genetic parameters estimated from immune gene
SNPs mirror patterns estimated from microsatellite loci, but marker choice also depends on
additional considerations such as cost, number of loci, computational issues with NGS generated
SNPs, and neutral versus selective processes. First, although sequencing costs are decreasing,
NGS techniques can be more expensive than microsatellites on a per sample basis depending on
availability of equipment. In particular, the NGS technique used in this paper, in-solution
hybridization, requires synthesis of expensive RNA baits/probes, in the order of several thousand
dollars (USD). Although tagged microsatellite primers are not trivial in cost, they are far cheaper
than biotinylated RNA baits. Further, most genetics labs are not equipped for NGS workflows
that require specialized equipment, so lab work must either be outsourced to commercial or noncommercial core facilities.
The number of loci required to adequately address the genetic question at hand is also an
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important consideration when choosing between SNPs and microsatellites and will vary
depending on the question being asked. In general, simulations suggest many more SNPs are
needed than microsatellite loci when trying to achieve similar statistical power or parameter
estimates. For example, between 60–100 SNP loci are needed for accurate parentage assignment
(Anderson & Garza 2006), and empirical data from sockeye salmon suggest 80 SNPs have
higher assignment success and are more accurate for parentage assignment than 11
microsatellites (Hauser et al. 2011). Furthermore, 80 or more SNPs are needed for detecting low
levels of divergence (i.e., FST < 0.005) (Morin et al. 2009). Ryynänen et al. (2007) observed
significant correlations between 7 SNPs/indels and 14 microsatellite loci when estimating FST.
My data subsampling results suggest at least 100 SNP loci are needed for correlating SNP and
microsatellite-derived FST. For allelic richness and heterozygosities, my data suggest more than
800 SNP loci are needed to correlate with 10 microsatellite loci in G. polyphemus, but Ryynänen
et al. (2007) only needed 7 SNP/indel loci to obtain similar correlations, possibly because they
analyzed 21 populations. Acquiring data from a large number of SNPs is not a problem with
NGS approaches. Not all SNP loci are equally informative, and smaller SNP panels may
occasionally perform well in comparison to much larger SNP arrays.
Computational issues with NGS are also not trivial, as my own NGS analysis relied on
high performance computing resources and required many gigabytes of data storage. This does
not include the time or expertise required to write code and scripts to analyze the gigabytes of
raw data.
Neutral versus selective processes are also important to consider when deciding between
SNPs and microsatellites. Markers such as microsatellites may be neutrally evolving unless
linked to functional genes while SNPs could represent both functional and neutral markers and
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be influenced by both neutral and adaptive processes. My SNP data had very few SNPs that were
putatively under selection (less than 1%), which is in line with previous NGS studies (e.g.,
Blanco-Bercial & Bucklin 2016; Hohenlohe et al. 2010; Lemay & Russello 2015). This together
with the observed correlations between SNPs and microsatellites suggests that most of my SNPs
were effectively neutral. The gopher tortoise populations I surveyed appear to have small
effective population sizes, likely less than 500 individuals per population, so perhaps the
selection coefficients of many of the immune gene SNPs were small enough (i.e., less than 0.1%)
that they behaved as effectively neutral loci.
CONCLUSION
As more and more population genetic studies are publishing NGS generated SNPs as
opposed to microsatellites, it would be useful to identify patterns between microsatellites and
NGS derived SNPs and to appreciate the additional functional information commonly provided
by SNPs. One apparent pattern is that high variation observed at microsatellites can translate into
high SNP-estimates of genetic diversity (Ryynänen et al. 2007) and vice versa. Further, genetic
diversity estimated by allelic richness between microsatellites and SNPs may be a less stable
metric than diversity estimated by observed and/or expected heterozygosity as more alleles are
present in microsatellites than SNPs. This does not mean allelic richness should be ignored
especially for conservation purposes because some traits including disease resistance are
associated with particular alleles (e.g., Langefors et al. 2001), which is not accounted for by
heterozygosity. Another important pattern that may be observed between microsatellites and
SNP studies is presence/absence of genetic structure, with any potential inconsistencies resulting
from different evolutionary forces acting on the markers. The addition of adaptive processes
acting on SNPs can result in similar but disparate structure patterns between the two marker
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types. Finally, even SNPs that are putatively influenced by selection may behave as effectively
neutral loci when effective population sizes are small, thus I recommend researchers consider
this when comparing population genetic results derived from potentially functional and neutral
markers in small populations such as those of threatened and endangered species.
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CHAPTER 7: TORTOISE IMMUNOMES SHED LIGHT ON GENETIC VARIATION
UNDERLYING INFECTIOUS DISEASE
INTRODUCTION
Genes that control the immune system's response to pathogens are likely to be under
selection and are excellent examples of genes that may influence population viability. Selection
acts on allele frequencies of host genes for defense, and changes in the coding portions of these
immune response genes can affect protein conformation and alter pathogen recognition and
binding (Fremont et al. 1992). High immunogenetic variation may allow a population to respond
to co-evolving pathogen genes, thus genetically depauperate hosts may be at greater risk of
infectious disease contributing to extirpations (Altizer et al. 2003).
Infectious disease susceptibility in plants and animals may have a genetic basis, and
underlying genetic variants may be identified by associating immunogenetic variation and
disease clinical status in a genome-wide association study (GWAS). GWAS are commonly
conducted with agricultural crops (e.g., Wang et al. 2012), model organisms (e.g., Magwire et al.
2012), or humans (e.g., Rauch et al. 2010), to look for genetic variation associated with disease
susceptibility. For example, Wang et al. (2012) found 18 candidate genes associated with
resistance to head smut disease in corn, which has implications for better understanding head
smut disease and better corn cultivar selection. GWAS work in humans has helped identify the
mechanisms of Hepatitis C infection and resistance (Rauch et al. 2010). GWAS use in wildlife
populations has been very limited, aside from studies on salmonid fishes. For example, Palti et
al. (2015) used restriction-site associated DNA sequencing (i.e., RAD-seq) to find associations
between candidate loci and bacterial cold water disease resistance in rainbow and steelhead trout,
Oncorhynchus mykiss. They found seven SNPs that were associated with survival status and/or
time but did not discuss how this knowledge would improve species management.
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The gopher tortoise, Gopherus polyphemus, is a threatened tortoise that can contract an
infectious and occasionally fatal URTD caused by pathogens such as the bacterium Mycoplasma
agassizii (Brown et al. 1999). There may be a genetic basis to URTD susceptibility as
mycoplasmas are widespread, but die-offs attributable to URTD have been documented only in
populations from Georgia and Florida (McGuire et al. 2014; Rabatsky & Blihovde 2002; Seigel
et al. 2003).
The gopher tortoise is federally listed as threatened in the portion of its range west of the
Mobile and Tombigbee Rivers in Alabama (USFWS 1987), and the eastern tortoises are
candidates for listing on the Endangered Species Act (USFWS 2011). As such, the tortoise has
been subject of many genetic studies using neutral genetic markers such as microsatellites to
inform management (e.g., Clostio et al. 2012; Ennen et al. 2010; Richter et al. 2011; Schwartz &
Karl 2005), but no research has identified genetic variation associated with susceptibility or
resistance to URTD. This is crucial because tortoise populations may appear to have adequate
levels of genetic variation based on neutral microsatellites, but may be depauperate in adaptive
genetic variation that influences immune responses to infections such as URTD. Here I identify
synonymous and non-synonymous (i.e., protein altering) variants in genes that influence immune
responses. I aim to determine which variants are associated with URTD non-clinical and clinical
gopher tortoises to better understand the genetic basis for susceptibility to URTD. I also evaluate
population genetic diversity, differentiation, and admixture among my samples from three
populations in Florida. Finally, I assess which SNPs may be under selection, which genes may
deviate from neutrality, and what specific functions these non-neutral regions are enriched for
relative to the rest of the genome.

167

METHODS
Samples
Between 2002–2006, 11 populations in Florida were sampled annually as part of a longterm field study of gopher tortoise health (Wendland et al. 2010). Serum and erythrocytes (RBC)
were collected from all animals, and RBCs were stored at -80C. I selected 16 gopher tortoises
representing two clinical states (tortoises with and without clinical signs of URTD; Table 7.1)
from 3 populations (Cecil Field/Branan Field Wildlife and Environmental Area (CF), Fort
Cooper State Park (FC), and Perry Oldenburg Wildlife and Environmental Area (OLD); Fig. 7.1)
with documented URTD.

Table 7.1 Description of Gopherus polyphemus samples by clinical status and diploid genotypes
at several bases along the gene LOC101950941 on NCBI contig NW_007281632.1. Non-clin for
tortoises that were never observed with nasal discharge during the duration of the field study and
Clin for tortoises that had at least one incident of mild to severe nasal discharge. CF for Cecil
Field, FC for Fort Cooper, and OLD for Oldenburg.
NW_007281632.1 Bases
Clinical
Sample
status
53575 53576 53577 53578
53579
FC19

Non-clin

A,A

A,A

T,T

A,A

AG,AG

OLD77

Non-clin

A,A

A,A

T,T

A,G

AG,AG

CF53

Non-clin

A,A

A,A

T,T

A,A

AG,AG

CF69

Non-clin

A,A

AT,AT

G,G

A,A

A,A

FC58

Non-clin

A,A

A,AT

G,T

A,G

A,AG

OLD106

Non-clin

A,A

AT,AT

G,G

A,A

A,A
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Table 7.1 continued
Clinical

NW_007281632.1 Bases

Sample
status

53575

53576

53577

53578

53579

CF72

Clin

A,A

AT,AT

G,T

A,A

A,A

CF80

Clin

A,A

AT,AT

G,G

A,A

A,A

CF90

Clin

A,A

AT,AT

G,G

A,A

A,A

CF219

Clin

A,A

AT,AT

G,G

A,A

A,A

FC13

Clin

A,A

AT,AT

G,G

A,A

A,A

FC15

Clin

A,A

AT,AT

G,G

A,A

A,A

FC47

Clin

A,A

AT,AT

G,G

A,A

A,A

OLD65

Clin

A,A

AT,AT

G,G

A,A

A,A

OLD92

Clin

A,A

AT,AT

G,G

A,A

A,A

OLD107

Clin

A,A

AT,AT

G,G

A,A

A,A

All 16 tortoises in the 2 clinical states were observed more than once between 2002–2006 and
had a least one positive enzyme-linked immunosorbent assay indicating active production of
antibodies against M. agassizii (Schumacher et al. 1993; Wendland et al. 2007). Clinical
tortoises had at least one incident of mild to severe nasal discharge. Because tortoises with
URTD have intermittent expression of clinical signs, an important caveat is that tortoises were
observed only once each year at time of capture, and therefore I cannot rule out the possibility
that animals without clinical signs had previously been clinically ill. However, at each time of
capture, non-clinical tortoises were never observed with nasal discharge, an important diagnostic
clinical sign of URTD.

169

Fig. 7.1 Location of Florida study populations. CF for Cecil Field/Branan Field Wildlife and
Environmental Area, FC for Fort Cooper State Park, and OLD for Perry Oldenburg Wildlife and
Environmental Area.

Target region for sequencing SNPs
I created a target region to capture the immunome (i.e., genes involved in immune
response, sensu amplo Ortutay & Vihinen (2006)) of Chrysemys picta bellii (western painted
turtle) using the GO2TR workflow (Elbers & Taylor 2015). The workflow filtered the C. p. bellii
3.0.1 genome assembly (Shaffer et al. 2013) annotated by the NCBI Eukaryotic Genome
Annotation Pipeline (annotation release 100) using the gene ontology term immune response
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(i.e., genes that function in the immune system's response to internal or invasive threats). JeanMarie Rouillard of MYcroarray Inc. (Ann Arbor, MI, USA) generated 120-bp bait sequences
with 60-bp overlap to capture my 1.4 Mbp target region.
Library preparation and sequence capture
I used biotinylated RNA baits from MYcroarray in an in-solution hybridization
experiment to capture the immunomes of 16 gopher tortoises. I created Illumina adaptor-ligated
libraries using Bioo Scientific Nextflex Pre-and Post-Capture Combo Kit-Set A (catalog no.
5144-51, Bioo Scientific Corp., Austin, TX, USA), pooled 16 prepared libraries per capture
reaction, and used Bioo Scientific reagents and protocols for sequence capture. I then sequenced
post-capture amplification libraries using two standard Illumina MiSeq sequencer flow cell using
75-bp paired-end reads (i.e., each library sequenced twice).
Read quality control and mapping
I demultiplexed reads, allowing for up to one mismatch in the 8-bp barcode using MiSeq
Reporter software. I used TRIMMOMATIC v0.32 (Bolger et al. 2014) default settings for
adapter trimming; for base quality filtering, I trimmed leading and trailing bases with quality
scores less than 5 and 15, respectively. I also used sliding window scans to remove the 3' end of
reads when average quality dropped below 15, and discarded reads with less than 40 bases. I next
merged overlapping paired-ends reads with BBMerge v5.4 from the BBMap suite
(https://sourceforge.net/projects/bbmap/) and the combined mateless single reads and merged
paired reads for downstream analysis. Paired and single plus merged reads were first mapped
separately to the C. p. bellii 3.0.3 genome using the BWA-MEM algorithm (Li 2013)
implemented in BWA v0.7.12 (Li & Durbin 2009), and then less stringently using STAMPY
v1.0.23 (Lunter & Goodson 2011). NCBI remap
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(http://www.ncbi.nlm.nih.gov/genome/tools/remap) was used to convert my bait intervals from
C. p. bellii 3.0.1 to C. p. bellii 3.0.3 coordinates.
Variant and genotype calling
Mapped reads were then processed using the Genome Analysis Toolkit v3.3.0 (GATK,
McKenna et al. 2010), adhering to best practices for exome sequencing and calling variants such
as SNPs and insertions/deletions (indels) with GATK's Haplotype Caller and Unified Genotyper.
Following variant calling, I used PICARD's v1.128 (http://broadinstitute.github.io/picard/)
CalculateHSMetrics to estimate sequencing metrics and featureCounts (Liao et al. 2014) to
estimate the number of genes and exons covered by each tortoise.
I then filtered variants to remove those with bad validation, low quality, low read
depth, or low genotype quality to produce a high quality set of variants called by the Unified
Genotyper. Next, I called variants from base-recalibrated BAM files using the Haplotype
Caller and filtered variants in the same manner as before. I used previously identified
immunome variants (Elbers et al. in press) for variant quality filtering of the Haplotype
Caller's call set. Then, I used BEAGLE v4.0 r1398 (Browning & Browning 2007) for genotype
imputation on the variant-recalibrated variant set. Finally, I used VCFTOOLS v0.1.12b
(Danecek et al. 2011) to recalculate allele frequencies from my Beagle-imputated SNPs and
indels and then removed loci with allele frequencies of one.
Population genomic analyses
For all population genomic analyses, I analyzed all polymorphic SNP loci. These
included di- (n=16,169), tri- (n=651), and tetra-allelic (n=1) loci. I then pruned SNP loci that
were out of Hardy-Weinberg Equilibrium (HWE) or in Linkage Disequilibrium (LD) within
each population using VCFTOOLS's hardy and geno-chisq options respectively. I used the
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p.adjust function in R (Team 2016) to correct P values for HWE and LD tests using a false
discovery rate (Benjamini & Hochberg 1995) of 0.05. For genetic diversity analyses and all
subsequent file conversions, I used PGDSpider v2.0.7.4 (Lischer & Excoffier 2012) and the R
package hierfstat v0.04-10 (Goudet 2005) to assess observed and expected heterozygosity and
allelic richness.
For population genomic differentiation, I estimated FST values with hierfstat. For
estimating admixture, I performed principle component analyses (PCA) with hierfstat, and I
also assessed population admixture using STRUCTURE v2.3.4 (Hubisz et al. 2009; Pritchard
et al. 2000). I ran STRUCTURE with 50,000 burnins and 100,000 reps using correlated allele
frequency and the admixture ancestry models from K=1–4 with 10 replicates per K value. I
used STRUCTURE HARVESTER web v0.6.94 (Earl & vonHoldt 2012) to select the best K
value and CLUMPAK web server (Kopelman et al. 2015) to average data from multiple runs
and to visualize population assignments.
SNPs/Indels under selection
I examined what polymorphic SNP and indel loci might be under selection with
BayeScan v2.1 (Foll & Gaggiotti 2008). I used the make_bayescan_input.py script to convert
VCF to BayeScan input format (De Wit et al. 2012) and a false discovery rate of 0.1. In order
for a given SNP/indel locus to be included in the analysis, I required at least four good quality
genotypes from each population and at least one copy of the minor allele for a locus.
Genes deviating from neutrality
I calculated Tajima's D (Tajima 1989) for each population separately using VariScan
(Vilella et al. 2005) for all gene regions that were at least 60-bp in length and had reads from all
individuals at ≥ 20X coverage. Briefly, I used GATK's CallableLoci tool to get gene regions with
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at least 20X coverage, followed by custom R scripts to get only regions greater than 60-bp and
then BEDTools v2.22.1 (Quinlan & Hall 2010) to get regions shared by all samples. Next I used,
GATK's CombineVariants to combine SNP and indel VCF files followed by GATK's
FastaAlternateReferenceMaker to output consensus sequences with degenerate bases for each
sample. I next used MUSCLE v3.8.31 (Edgar 2004) to align sequences for each sample at a
given region and SeqPhase v2014 (Flot 2010) then PHASE v2.1.1 (Stephens et al. 2001) to
phase heterozygous sites.
Functional enrichment analysis
I performed functional enrichment analysis to determine if non-neutral genes were
enriched for specific biological functions relative to rest of genome. I used the FatiGO
enrichment pipeline (Al-Shahrour et al. 2004) implemented in Blast2GO v3.1 (Conesa et al.
2005) and applied a false discovery rate of 0.05 to correct for multiple tests.
Variant prediction and association tests
I predicted the effects of alternate SNPs and indels using the variant prediction software
snpEff v4.0e (De Baets et al. 2012). I then annotated variants using GATK's Variant Annotator,
and labeled SNP or indel loci as containing synonymous or non-synonymous alleles. I performed
case/control association tests using the -assoc option in PLINK v1.07 (Purcell et al. 2007),
setting tortoises with clinical signs as affected individuals and tortoises without clinical signs as
unaffected individuals, and I analyzed SNPs and indels separately. I also repeated the
case/control association test using the software ROADTRIPS v2.0 (Thornton & McPeek 2010),
which controls for unknown population structure and individual relatedness that can inflate typeI error rates in association studies.
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RESULTS
From two Illumina MiSeq sequencer runs, I obtained 21.5 million reads that passed
quality control and were assignable to individuals. Each tortoise had 1.3 ± 0.2 (mean ± standard
deviation) million reads of which 79.5 ± 1.6 % were unique (i.e., were not PCR duplicates), and
97.4 ± 0.1 % of these unique reads could be aligned to my target region. Mean tortoise coverage
over the entire target region was 47.5 ± 7.6 reads, and each tortoise had 62.6 ± 3 % target bases
with coverage greater than 20 reads (Fig. 7.2, Fig. 7.3). Only 5.1 % (72.2 Kbp) of the 1.4 Mbp
target region had coverage of less than 2 reads. Although my target region contained a total of
632 immune genes and 5,425 exons, only 615 genes and 4,860 exons were represented by usable
reads. Each tortoise had reads for 593.9 ± 3.5 genes and 4,198 ± 82.3 exons (mean ± standard
deviation).
After variant filtering, imputation, and removing non-polymorphic loci, there were
16,821 SNPs and 3,226 indels. None of these loci were out of HWE or in LD, but the lack of LD
is unlikely given the close proximity of loci within the same exon.. This may have occurred
because I had to correct P values to account for thousands of multiple tests. Non-synonymous
variants were present in 3,946 SNP and 230 indel loci.
SNP allelic richness was from lowest in CF, intermediate in OLD, and highest in FC.
Observed and expected heterozygosity was lowest in CF but equivalent in FC and OLD (Table
7.2). Pairwise FST values were 0.027 (CFxFC), 0.060 (CFxOLD), and -0.003 (FCxOLD): low
values were expected based on geographic proximities of the populations.
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Fig. 7.2 Coverage plots for first eight samples showing number of sequencing reads at or above
specified proportions. A value at 50 Depth and 0.5 fraction means 50 percent of bases were at or
above 50X coverage.

Population admixture inferred with all polymorphic SNPs using PCA (Fig. 7.4) and
STRUCTURE (Fig. 7.5.A) suggested two clusters: the first with CF and the second with FC and
OLD mixed together. There was no meaningful grouping of samples when I used clinical status
to cluster individuals in STRUCTURE (Fig. 7.5.B).
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Fig 7.3 Coverage plots for last eight samples showing number of sequencing reads at or above
specified proportions.

There were two SNP but no indel loci putatively under selection. The first SNP,
NW_007281406.1:2298828 was non-synonymous and present in the 1st codon position of the
354th amino acid in the gene Interferon-induced Protein with Tetratricopeptide Repeats 1-like
(IFIT1-like).
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Table 7.2. Estimates of genetic diversity for each tortoise population. AR for allelic richness, HO
and HE for observed and expected heterozygosity, respectively. CF for Cecil Field, FC for Fort
Cooper, and OLD for Oldenburg. Superscript letters for each column indicate differences at the
0.05 level using a post-hoc Tukey test. Shared letters within a column indicate no difference
while unique letters indicate differences in levels.
Site
AR
HO
HE
CF

1.75a

0.32a

0.29a

FC

1.78c

0.33b

0.30b

OLD

1.77b

0.34b

0.30b

The second SNP, NW_007322484.1:105, was synonymous and found in the gene Interferoninduced Protein 44-like (IFI44-like). No SNPs or indels were putatively under selection when I
grouped samples by clinical status (clinical versus non-clinical signs) instead of population.
Among 1,680 gene regions that were at least 60-bp long with 20X coverage, there were
1,556 polymorphic regions of which 70 deviated from neutrality. Tajima's D was negative (i.e., ≤
-1.56), suggesting population expansion or positive selection (Biswas & Akey 2006) for 27
regions but positive (≥ 2.06) for 43 regions suggesting population bottlenecks, structure, and/or
possible balancing selection (Biswas & Akey 2006). These regions represented 35 genes (Table
7.3). There were 13 genes that had positive, 19 genes that had negative, and 3 genes that had
both positive and negative (i.e., multiple regions occurred in the same gene) Tajima's D values.
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Fig. 7.4 Principle component analysis for 16,821 all polymorphic SNPs. Circles indicate
optimum clusters identified using STRUCTURE and STRUCTURE HARVESTER.

Table 7.3 Genes with regions deviating from neutrality
Gene
Function*
Contained region(s) with positive Tajima's D
AQP4

plays a role in survival of damaged and injured proliferating cells

BCAP29

may be involved in transport of proteins from endoplasmic reticulum to Golgi complex

C1R

along with other proteins forms first part of classical pathway of complement system

C4BPA-like

regulates the classical pathway of complement system
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Table 7.3 continued
Gene

Function*

CFH

plays an essential role in regulation of complement system activation

FCN2-like

may operate in a postreplication repair or a cell cycle checkpoint function

IFI44-like

product forms an aggregate that creates microtubular structures

KLRF1

involved in the regulation of Natural Killer cell function

OVOS-like

has serine-type endopeptidase inhibitor activity

SBNO1

Strawberry Notch Homolog 1

SEC61A1

may play a role in inserting secretory and membrane proteins into the endoplasmic reticulum

UL

uncharacterized locus LOC101949947

ZP3-like

essential for sperm binding and zona matrix formation

Contained region(s) with negative Tajima's D
BMPR1A

transmembrane serine/threonine kinases

DAPK1

plays role in cell death and apoptosis

CD247

plays important role in assembly of T cell receptors

CDC37L1

complexes with Heat Shock Protein 90 (HSP90), which regulates protein folding

LCK

an important signaling molecule in selection and maturation of developing T cells

LRRC70

makes cells highly sensitive to activation by cytokines and lipopolysaccharide

LRRFIP2

may be involved with Toll-like receptor signaling

OIT3

may be involved in hepatocellular function and development

OTULIN

acts as a regulator of new blood vessel development and innate immune response

PLEKHA1

may be involved in the formation of signaling complexes in the plasma membrane

RAB17

plays an important role in regulation of membrane traficking
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Table 7.3 continued
Gene

Function*

RIPK2

plays an essential role in modulating both the innate and adaptive branches of immune system

RPS6KA3

implicated in controlling cell growth and differentiation

TMEM125

Transmembrane Protein 125

TRIM27-like

inhibits helper T-cell activation

TRIM56-like

plays a key role in innate immunity

VAV3

acts as guanine nucleotide exchange factors and plays important role in new blood vessel devel.

ZBP1

plays a role in innate immune response by binding to foreign DNA

ZNF271-like

zinc finger protein 271

Contained region(s) with positive and negative Tajima's D
IPO11

mediates nucleocytoplasmic transport of proteins and RNAs

SIN3A

acts as a transcriptional repressor

TRAF6

may play a role in dendritic cell maturation and activation

*Gene functions adapted from http://www.genecards.org

The gene IFI44-like contained regions that deviated from neutrality and had one of the SNPs that
was putatively under selection.
Functional enrichment analysis of the 35 genes that contained regions deviating from
neutrality showed overrepresentation of several gene functions, most notably the gene ontology
terms: endoplasmic reticulum, cellular protein modification process, protein modification
process, macromolecule modification, and transferase activity (Fig. 7.6).
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Fig. 7.5 STRUCTURE plots using (A) populations and (B) clinical status with optimum number
of clusters K = 2 determined by STRUCTURE HARVESTER. CF for Cecil Field/Branan Field
Wildlife and Environmental Area, FC for Fort Cooper State Park, and OLD for Perry Oldenburg
Wildlife and Environmental Area. Non-clinical tortoises were never observed with nasal
discharge during the duration of the field study. Clinical tortoises had at least one incident of
mild to severe nasal discharge.
Association tests with PLINK revealed several SNPs and indels (Table 7.4) that were
associated with clinical status but which were not significantly associated after correction for
multiple tests. Variants with a lack statistical significance are typical of GWAS studies,
especially when variant effect sizes are small, unless hundreds or thousands of subjects are
examined (Spencer et al. 2009), but it is still noteworthy to use less strict significance criteria
and report the top ranking variants (e.g., Wang et al. 2012). Association tests with ROADTRIPS
produced the same list of SNPs and indels as PLINK (data not shown). SNPs with the strongest
associations were contained in genes such as A. superbus venom factor 1-like and
LOC101950941. Indels with the strongest associations were in genes such as LOC101950941
and TNFRSF5-like (Tumor necrosis factor receptor superfamily member 5-like).
LOC101950941 was the only gene to have both strongly associated SNPs and indels.
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Fig. 7.6 Functional enrichment analysis of gopher tortoise genes deviating from neutrality (i.e.,
Test) compared to the rest of the genome (i.e., Reference) based on percent of sequences with
particular gene ontology terms.

183

Table 7.4 Top SNPs and indels from PLINK GWAS association analysis between affected
(clinical) and unaffected (non-clinical) tortoises. Syn for synonymous and non-syn for nonsynonymous.
Position
Gene
Type
Unadjusted P
SNPs*
NC_024232.1:1105959

A. superbus venom factor 1-like

non-syn

0.0001388

NC_024232.1:1105940

A. superbus venom factor 1-like

syn

0.0001388

NC_024232.1:1105284

A. superbus venom factor 1-like

syn

0.0001388

NW_007281632.1:53578

Uncharacterized LOC101950941

non-syn

0.0001725

NW_007281632.1:53577

Uncharacterized LOC101950941

non-syn

0.0001725

NW_007281632.1:53576

Uncharacterized LOC101950941

syn

0.0001725

NW_007281632.1:53579

Uncharacterized LOC101950941

non-syn

0.0001725

NC_024234.1:2112869

TNFRSF5-like***

syn

0.0007433

Indels**

*All of these SNPs had a false discovery rate of 0.4164 after correction for multiple tests.
**All of these indels had a false discovery rate of 0.2193 after correction for multiple tests.
***Tumor necrosis factor receptor superfamily member 5-like.

I found alleles at two non-synonymous SNPs and one non-synonymous indel shared by
all but one URTD clinical tortoise (a subclinical animal, CF72, observed twice, once with URTD
signs and again without). The SNPs were found on the following NCBI contig
NW_007281632.1 at positions 53577 and 53578, and the indel was found at position 53579
(Table 7.1). All were located in the gene LOC101950941.
DISCUSSION
Here I sequenced the immunomes of 10 tortoises with signs of URTD and 6 tortoises
without signs of URTD G. polyphemus to estimate genetic diversity, differentiation, and
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admixture, to look for SNPs putatively under selection, to look for genes deviating from
neutrality, and to better understand the genetic basis of URTD susceptibility. I identified nearly
17,000 SNPs and 3,200 indels among several hundred immune response genes, of which nearly
4,000 SNPs and 230 indels represented non-synonymous variants.
Genetic diversity estimated by allelic richness was high relative to previous work with G.
polyphemus immunomes. Elbers et al. (in press) sequenced immunomes from four populations of
G. polyphemus from Louisiana, Alabama, Georgia, and Florida with four samples per
population, and found allelic richness ranged from 1.46–1.63 instead of 1.75–1.78 in the current
study. Observed heterozygosity was also higher in the current study (0.32–0.34 versus 0.23–0.30
in Elbers et al. (in press)). Finally, expected heterozygosity was much higher in the current study
(0.29–0.30 versus 0.20–0.26 in Elbers et al. (in press)). All three of these estimates of
immunome genetic diversity suggest the Florida populations CF, OLD, and FC have more
genetic diversity than those surveyed across the range by Elbers et al. (in press). This is the case
even when I analyzed only di-allelic SNPs, which changed diversity estimates at the third
decimal place (data not shown), as done by (Elbers et al. in press).
Genetic differentiation and admixture were in line with expectations. First, pairwise FST
values showed genetic differentiation correlated with geographic distance. Second, genetic
admixture inferred by PCA and STRUCTURE methods was congruent and reasonable as FC and
OLD are geographically close and cluster together whereas CF is farther away and clusters
separately. The lack of meaningful sample grouping when using clinical status instead of
populations (Fig. 7.5.B) suggests that geography is more important when there is a mixture of the
clinical status within the populations (Fig. 7.4).
The first SNP that was putatively under selection, NW_007281406.1:2298828, was in the
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gene IFIT1-like; IFIT1 can bind to viral RNA with a triphosphate group on the 5' end (i.e., PPPRNA producing viruses, Pichlmair et al. 2011). Specifically, IFIT1 absence leads to increased
growth and pathogenicity of PPP-RNA producing viruses. The second SNP,
NW_007322484.1:105, was synonymous and found in the gene IFI44-like; IFI44 may function
in reducing viral transcription by suppressing long terminal repeat promoter activity of viruses
such as HIV-1 (Power et al. 2015). I am not sure how this synonymous SNP may be putatively
under selection, but it is possible that it may be linked to a non-synonymous SNP that I did not
detect as being under selection as I only sampled 16 individuals from 3 populations. Both of
these SNPs are involved with response to viruses, and there are many viruses that affect turtles
and tortoises (reviewed in Marschang 2011). For example, the genus Ranavirus as well as
Herpesviruses affect G. polyphemus (Johnson et al. 2008; Westhouse et al. 1996). In fact, the G.
polyphemus with Ranavirus examined by Johnson et al. (2008) was found only 50 km from the
CF population in north-central Florida. It is not clear if immunity to Ranaviruses or other
chelonian-infecting viruses is influenced by variation in IFIT1 and IFI44, but Ranaviruses are
double-stranded DNA viruses and do not replicate using PPP-RNA (Goorha 1982), so
associations with IFIT1 are unlikely.
There were 27 gene regions that had negative Tajima's D values. I do not think this was
due to population expansion, as G. polyphemus populations have declined across their range,
especially during the past century (Auffenberg & Franz 1982). Therefore, it is more likely that
these genes are experiencing the effects of positive selection (Biswas & Akey 2006). Forty-three
regions had positive Tajima's D values, which is unlikely due to population bottlenecks as
estimates of genetic diversity are very high for these populations. These positive values may be
due to balancing selection as I did not detect strong population structure between OLD and FC
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samples (Biswas & Akey 2006). It is interesting that three genes (IPO11, SIN3A, and TRAF6)
had regions that were potentially under positive and balancing selection. This finding may be
because I did not analyze the full gene sequences as has been done by other studies (e.g., FerrerAdmetlla et al. 2008).
Functional enrichment analysis of the 35 genes that contained regions that deviated from
neutrality (Table 7.3) suggested several things. First, these genes were enriched relative to the
rest of the genome for gene ontology functions relating to the modification of macromolecules
and proteins, which usually fold and mature in the lumen of the endoplasmic reticulum (Ron &
Walter 2007). Second, these genes were enriched with transferase activity, which includes
activities such as glycosylation of glycoproteins (i.e., adding sugars to glycoproteins) that can
take place after glycoproteins leave the endoplasmic reticulum and travel to the Golgi apparatus
(reviewed in Farquhar & Palade 1981). Third, both macromolecule and protein modifications can
take also take place in Golgi apparatus, especially modifications for proteins destined to be
secreted outside of cells (Farquhar & Palade 1981).
Although PLINK SNP and indel association analyses were not significant after correcting
for multiple tests, the genes that contained the SNPs and indels with the strongest associations to
clinical status are noteworthy. The strongest associated SNPs were found in the A. superbus
venom factor 1-like and LOC101950941 genes. A. superbus venom factor 1 (and possibly A.
superbus venom factor 1-like) encodes a protein component of Austrelaps superbus (lowland
copperhead snake) venom that is structurally and functionally similar to the complement protein
C3 (Rehana & Manjunatha Kini 2007), which initiates the alternative pathway of the
complement cascade, an important innate immune system process that results in the opsonization
or lysis of pathogens and initiation of inflammatory responses (Janeway et al. 2001). The

187

presence of an A. superbus venom factor 1-like gene in the G. polyphemus seems unusual, but
similar annotations have been made in the genomes of Xenopus tropicalis (tropical clawed frog),
see the gene LOC100492966, Gorilla gorilla (western gorilla), see LOC101131231, and
Ficedula albicollis (collared flycatcher), see LOC101805832. A. superbus venom factor 1 may
function like its analog C3 in mycoplasmal infections. Specifically, mycoplasmas such as M.
pulmonis activate C3 (Simmons et al. 2004), which can be broken down into C3a and C3b. C3b
coats the surfaces of microbes, leading to opsonization or lysis (Janeway et al. 2001).
LOC101950941 likely encodes a C-type lectin-like receptor found on natural killer cells
(NK) based on an NCBI BLAST search (Altschul et al. 1990). The full protein is predicted to be
405 amino acids in length, and the C-type lectin-like receptor domains are found between amino
acids 70–154 and 283–400. The region between amino acids 70–154 contains the
NW_007281632.1:53577 and NW_007281632.1:53578 SNPs and the NW_007281632.1:53576
and NW_007281632.1:53579 indels. Because these SNPs and indels are non-synonymous
(except NW_007281632.1:53576), they may influence the functionality of the lectin receptors.
NK are part of the innate branch of the immune system and can detect unusual carbohydrates
using lectin receptors to probe host cells for foreign or naturally occurring carbohydrates
(Janeway et al. 2001). NK have a complicated role in mycoplasma immunity. First, NK are
attracted to the site of mycoplasma infection in response to cytokines secreted by macrophages.
Then NK produce INF-γ, an important cytokine that activates macrophages, in response to
mycoplasma infection (Woolard et al. 2005). Interestingly, NK can be detrimental to clearing
mycoplasma by negatively affecting the innate immune response (Woolard et al. 2005). In
particular, mice depleted of NK and then infected with M. pulmonis have lower mycoplasma
load than mice with intact NK (Bodhankar et al. 2009). Thus, NK can have a negative influence
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on clearing of mycoplasmas by innate immune responses.
The strongest associated indels were present in the genes LOC101950941 and TNFRSF5like. The indel at NW_007281632.1:53579 which was contained within LOC101950941 was
also found in my analysis of indels with non-synonymous alleles shared by tortoises with clinical
signs. Why the indel NC_024234.1:2112869 in the TNFRSF5-like gene was strongly associated
with clinical status is not clear, as this indel possessed synonymous alleles. The TNFRSF5 gene
(also referred to as CD40) encodes a receptor on antigen-presenting cells of the immune system
such as dendritic and B cells as well as macrophages. TNFRSF5 functions in a variety of
immune and inflammatory responses including the survival and proliferation of B cells
(Schattner et al. 1995) and induces the production of cytokines in dendritic cells and
macrophages (Janeway et al. 2001). Mycoplasma arthritidis and M. fermentans have membraneassociated lipoproteins that upregulate CD40 expression by dendritic cells and macrophages
(Cole et al. 2005; Link et al. 2004; Weigt et al. 2003), and it is likely that surface lipoproteins of
M. agassizii could similarly impact CD40 upregulation. Therefore it is reasonable to suggest that
there may be interactions between variation at TNFRSF5-like gene and mycoplasma immunity in
G. polyphemus.
There are several conservation implications based on the associations found between
genetic variation and URTD clinical status. First, previous work by Elbers et al. (in press)
showed that all 16 tortoises from Louisiana, Alabama, Georgia, and Florida (4 per population)
possessed the same alleles at SNPs NW_007281632.1:53578 and NW_007281632.1:53577 as
the URTD clinical tortoises sequenced in this work. If the strong associations observed between
genetic variation and URTD clinical status carry on to other tortoises, and these associations
prove to be causal rather than correlated, then it is possible that tortoises across the range of the
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species possess genetic variation making them susceptible to URTD. In particular, the Georgia
population surveyed by Elbers et al. (in press) and possessing the same variants as the URTD
clinical tortoises, also has evidence of Mycoplasmal-URTD. This population at Green Grove, an
area of Jones Ecological Research Center in Southwest Georgia, had 125 out of 136 (92 %) of
tortoises sampled as producing antibodies against M. agassizii, 44 out of 191 (23 %) animals
presented mild to severe clinical signs of URTD, and 101 out of 366 (28 %) animals had
evidence of chronic URTD lesions (McGuire et al. 2014). This suggests some correlation
between the genetic variation associated with disease susceptibility and actual presentation of
disease. If further experimental studies and more careful examination of these genes show a
causal relationship, managers may wish to translocate tortoises from appropriate donor to at risk
populations to bolster genetic variation at these loci. I also did not estimate severity of
Mycoplasmal-URTD, which may be influenced by particular immunome variants. In particular,
some gopher tortoises may be susceptible to Mycoplasmal-URTD but possess immunome
variants such that clinical signs are not severe, resulting in little to no impediment to normal
function.
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CHAPTER 8: CONCLUSION
My primary dissertation goals were to better understand the factors that influence gopher
tortoise immune responses and how immune gene variation influences URTD susceptibility in
gopher tortoises. I found season but not sex influenced gopher tortoise innate immune responses,
such that gopher tortoises had greater microbiocidal killing of E. coli in September rather than in
June. This result was opposite to expectations as previous research by Goessling et al. (in press)
found that tortoises in summer had greater microbiocidal killing of E. coli than in autumn.
Perhaps, Goessling et al. (in press)’s animals, which were housed in fields with ample forage,
had access to more resources in summer than my study tortoises at the northern tract of Sandy
Hollow.
To address how MHC variation might influence URTD susceptibility, I sequenced two
MHC loci from gopher tortoises across the range of the species and found that there are certainly
MHC differences across the range as tortoises in western populations had 2 MHC class I and 31
MHC class II alleles that were not observed in eastern gopher tortoise populations, and eastern
gopher tortoises had 2 MHC class I and 73 MHC class II alleles not observed in western gopher
tortoises. These allelic differences may explain the clinical expression of URTD in eastern but
not western gopher tortoise populations; however, tortoises with URTD have not been sequenced
at these MHC loci, so allele associations with URTD susceptibility or resistance are not clear.
I also found western gopher tortoise populations had less genetic variation at MHC loci
and microsatellites than eastern gopher tortoise populations, but the levels of MHC class II
variation were still high in both the western and the eastern populations. There was also evidence
that gopher tortoise populations were better connected in the past when habitat was less
fragmented, suggesting that restoration of population connectivity is important for minimizing
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loss of current levels of genetic variation. MHC genetic differentiation was correlated with
microsatellite differentiation suggesting neutral genetic processes are influencing MHC
evolution, which could be problematic as advantageous MHC alleles could be lost due to genetic
drift. The same result was also found when I sequenced immunomes of gopher tortoises from
four populations in Louisiana, Alabama, Georgia, and Florida, suggesting that beneficial
immunogenetic variation could be lost due to genetic drift.
Finally, I investigated how overall immunogenetic variation influences disease
susceptibility in gopher tortoises. I sequenced immunomes from tortoises with and without
clinical signs of URTD from Florida to determine how immunome variation was associated with
URTD susceptibility. I found several SNPs and indels that were top-ranking variants with
possible roles in Mycoplasmal-immunity. These variants were not statistically associated with
Mycoplasmal-URTD susceptibility after corrections for multiple tests; however, this is a
common outcome of GWAS where the large number of tests typically precludes statistical
significance of any genetic variant. Nonetheless, pursing top-ranking variants is valuable for
future research because they may be associated with diseases susceptibility. For example, the
top-ranking variants in this study were found in two genes with possible roles in Mycoplasmalimmunity: (1) A. superbus venom factor 1-like, and (2) LOC101950941. A. superbus venom
factor 1 may function like its analog C3 as Mycoplasma spp. activate C3 (Simmons et al. 2004),
which can be broken down into C3a and C3b. C3b coats the surfaces of microbes, leading to
opsonization or lysis (Janeway et al. 2001). The second gene, LOC101950941, likely encodes a
C-type lectin-like receptor found on natural killer cells. Natural killer cells are part of the innate
branch of the immune system and can detect unusual carbohydrates using lectin receptors to
probe host cells for foreign or naturally occurring carbohydrates (Janeway et al. 2001). Natural
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killer cells produce INF-γ, an important cytokine that activates macrophages, in response to
mycoplasma infection (Woolard et al. 2005). I further found that the one of the LOC101950941
alleles associated with URTD susceptibility in Florida was present in a Georgia population of
gopher tortoises with relatively high incidence of Mycoplasmal-URTD (McGuire et al. 2014),
which suggests some correlation between genetic variation associated with disease susceptibility
and actual presentation of disease. I further found that tortoises from Louisiana, Alabama,
Georgia, and Florida population possessed the same LOC101950941 allele as URTD-clinical
tortoises in Florida, and if these associations prove to be causal rather than correlated, then it is
possible that tortoises across the range of the species possess genetic variation associated with
URTD susceptibility. If further experimental studies and more careful examination of these
genes show a causal relationship, managers may wish to translocate tortoises from appropriate
donor to at risk populations to bolster genetic variation at these loci.
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WHETHER FOR BREACH OF CONTRACT, BREACH OF WARRANTY,
TORT, NEGLIGENCE, INFRINGEMENT OR OTHERWISE (INCLUDING,
WITHOUT LIMITATION, DAMAGES BASED ON LOSS OF PROFITS, DATA,
FILES, USE, BUSINESS OPPORTUNITY OR CLAIMS OF THIRD PARTIES),
AND WHETHER OR NOT THE PARTY HAS BEEN ADVISED OF THE
POSSIBILITY OF SUCH DAMAGES. THIS LIMITATION SHALL APPLY
NOTWITHSTANDING ANY FAILURE OF ESSENTIAL PURPOSE OF ANY
LIMITED REMEDY PROVIDED HEREIN.



Should any provision of this Agreement be held by a court of competent
jurisdiction to be illegal, invalid, or unenforceable, that provision shall be deemed
amended to achieve as nearly as possible the same economic effect as the original
provision, and the legality, validity and enforceability of the remaining provisions
of this Agreement shall not be affected or impaired thereby.



The failure of either party to enforce any term or condition of this Agreement shall
not constitute a waiver of either party's right to enforce each and every term and
condition of this Agreement. No breach under this agreement shall be deemed
waived or excused by either party unless such waiver or consent is in writing signed
by the party granting such waiver or consent. The waiver by or consent of a party to
a breach of any provision of this Agreement shall not operate or be construed as a
waiver of or consent to any other or subsequent breach by such other party.



This Agreement may not be assigned (including by operation of law or otherwise)
by you without WILEY's prior written consent.



Any fee required for this permission shall be non-refundable after thirty (30) days
from receipt by the CCC.
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These terms and conditions together with CCC's Billing and Payment terms and
conditions (which are incorporated herein) form the entire agreement between you
and WILEY concerning this licensing transaction and (in the absence of fraud)
supersedes all prior agreements and representations of the parties, oral or written.
This Agreement may not be amended except in writing signed by both parties. This
Agreement shall be binding upon and inure to the benefit of the parties' successors,
legal representatives, and authorized assigns.



In the event of any conflict between your obligations established by these terms and
conditions and those established by CCC's Billing and Payment terms and
conditions, these terms and conditions shall prevail.



WILEY expressly reserves all rights not specifically granted in the combination of
(i) the license details provided by you and accepted in the course of this licensing
transaction, (ii) these terms and conditions and (iii) CCC's Billing and Payment
terms and conditions.



This Agreement will be void if the Type of Use, Format, Circulation, or Requestor
Type was misrepresented during the licensing process.



This Agreement shall be governed by and construed in accordance with the laws of
the State of New York, USA, without regards to such state's conflict of law rules.
Any legal action, suit or proceeding arising out of or relating to these Terms and
Conditions or the breach thereof shall be instituted in a court of competent
jurisdiction in New York County in the State of New York in the United States of
America and each party hereby consents and submits to the personal jurisdiction of
such court, waives any objection to venue in such court and consents to service of
process by registered or certified mail, return receipt requested, at the last known
address of such party.

WILEY OPEN ACCESS TERMS AND CONDITIONS
Wiley Publishes Open Access Articles in fully Open Access Journals and in Subscription
journals offering Online Open. Although most of the fully Open Access journals publish
open access articles under the terms of the Creative Commons Attribution (CC BY)
License only, the subscription journals and a few of the Open Access Journals offer a
choice of Creative Commons Licenses. The license type is clearly identified on the article.
The Creative Commons Attribution License
The Creative Commons Attribution License (CC-BY) allows users to copy, distribute and
transmit an article, adapt the article and make commercial use of the article. The CC-BY
license permits commercial and nonCreative Commons Attribution Non-Commercial License
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The Creative Commons Attribution Non-Commercial (CC-BY-NC)License permits use,
distribution and reproduction in any medium, provided the original work is properly cited
and is not used for commercial purposes.(see below)
Creative Commons Attribution-Non-Commercial-NoDerivs License
The Creative Commons Attribution Non-Commercial-NoDerivs License (CC-BY-NC-ND)
permits use, distribution and reproduction in any medium, provided the original work is
properly cited, is not used for commercial purposes and no modifications or adaptations are
made. (see below)
Use by commercial "for-profit" organizations
Use of Wiley Open Access articles for commercial, promotional, or marketing purposes
requires further explicit permission from Wiley and will be subject to a fee.
Further details can be found on Wiley Online Library
http://olabout.wiley.com/WileyCDA/Section/id-410895.html

Other Terms and Conditions:

v1.10 Last updated September 2015
Questions? customercare@copyright.com or +1-855-239-3415 (toll free in the US) or +1978-646-2777.
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APPENDIX D: SUPPLEMENTAL TABLE FROM CHAPTER 6

Table D.1. All genes with di-allelic, polymorphic SNPs from 16 Gopherus polyphemus samples.
Gene
1-phosphatidylinositol 4,5-bisphosphate phosphodiesterase gamma-1-like
16 kDa beta-galactoside-binding lectin-like
25-hydroxyvitamin D-1 alpha hydroxylase, mitochondrial
3-phosphoinositide dependent protein kinase 1
4-hydroxy-2-oxoglutarate aldolase 1
A.superbus venom factor 1-like
acetylcholinesterase-like
active BCR-related
adenosine A2b receptor
adenosine A3 receptor
ADP-ribosylation factor-like 13B
alpha-2-macroglobulin
alpha-2-macroglobulin-like
alpha-2-macroglobulin-like 1
alpha-2-macroglobulin-like protein 1
angiogenin-2-like
ankyrin repeat and death domain containing 1A
annexin A3
antigen-presenting glycoprotein CD1d1-like
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Table D.1 continued
Gene
apolipoprotein A-IV
apoptosis-associated speck-like protein containing a CARD
aquaporin 4
arrestin, beta 2
ATPase, Cu++ transporting, alpha polypeptide
autophagy related 5
B-cell CLL/lymphoma 10
B-cell CLL/lymphoma 2
B-cell CLL/lymphoma 3
B-cell receptor-associated protein 29
B-cell receptor-associated protein 31
B-cell scaffold protein with ankyrin repeats 1
B and T lymphocyte associated
B lymphoid tyrosine kinase
bactericidal permeability-increasing protein-like
bactericidal/permeability-increasing protein
basic leucine zipper transcription factor, ATF-like
beta-2-microglobulin
bone morphogenetic protein 6
bone morphogenetic protein receptor, type IA
breakpoint cluster region
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Table D.1 continued
Gene
butyrophilin-like protein 9
butyrophilin subfamily 1 member A1-like
butyrophilin subfamily 2 member A1-like
butyrophilin subfamily 3 member A2-like
butyrophilin subfamily 3 member A3-like
C-C chemokine receptor type 5-like
C-C motif chemokine 5-like
C-type lectin domain family 1 member A-like
C-type lectin domain family 2 member B-like
C-type lectin domain family 2 member D-like
C-type lectin domain family 4 member D-like
C-type lectin domain family 4 member E-like
C-type lectin domain family 4 member G-like
C-X-C motif chemokine 10-like
C3a anaphylatoxin chemotactic receptor-like
C4b-binding protein alpha chain-like
C5a anaphylatoxin chemotactic receptor 1-like
cactin, spliceosome C complex subunit
calcium binding and coiled-coil domain 2
calcium channel, voltage-dependent, beta 3 subunit
calcium channel, voltage-dependent, beta 4 subunit
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Table D.1 continued
Gene
calcium/calmodulin-dependent protein kinase IV
calicin
cardiotrophin-like cytokine factor 1
caspase recruitment domain family, member 9
cathepsin G-like
Cbl proto-oncogene B, E3 ubiquitin protein ligase
CD14 molecule
CD180 molecule
CD226 molecule
CD247 molecule
CD274 molecule
CD36 molecule (thrombospondin receptor)
CD37 molecule
CD3e molecule, epsilon (CD3-TCR complex)
CD40 molecule, TNF receptor superfamily member 5
CD74 molecule, major histocompatibility complex, class II invariant chain
CD79a molecule, immunoglobulin-associated alpha
CD79b molecule, immunoglobulin-associated beta
CD82 molecule
cell adhesion molecule 1
cell adhesion molecule 4
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Table D.1 continued
Gene
cell division cycle 37
cell division cycle 37-like 1
centromere protein F, 350/400kDa
chemokine (C-C motif) receptor 7
chemokine (C-X3-C motif) receptor 1
chromosome unknown open reading frame, human C9orf84
cis-aconitate decarboxylase-like
class I histocompatibility antigen, F10 alpha chain-like
class II histocompatibility antigen, M alpha chain
class II, major histocompatibility complex, transactivator
coagulation factor II (thrombin) receptor-like 1
coagulation factor XIII, B polypeptide
coenzyme Q10 homolog B (S. cerevisiae)
coiled-coil domain containing 142
coiled-coil domain containing 151
coiled-coil domain containing 170
collagen, type III, alpha 1
collectin-46-like
collectin sub-family member 12
complement C1r-B subcomponent-like
complement C2-like
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Table D.1 continued
Gene
complement C3-like
complement component 1, q subcomponent binding protein
complement component 1, q subcomponent, A chain
complement component 1, r subcomponent
complement component 1, s subcomponent
complement component 8, alpha polypeptide
complement decay-accelerating factor-like
complement factor B
complement factor H
complement factor properdin
complement receptor type 2-like
CUB and Sushi multiple domains 1
cyclic GMP-AMP synthase-like
cytochrome P450 27C1
cytotoxic and regulatory T cell molecule
cytotoxic T-lymphocyte-associated protein 4
DEAD (Asp-Glu-Ala-Asp) box polypeptide 58
death-associated protein kinase 1
death-associated protein kinase 2-like
death-associated protein kinase 3
death-associated protein kinase 3-like
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Table D.1 continued
Gene
dedicator of cytokinesis 2
dedicator of cytokinesis protein 2-like
DEXH (Asp-Glu-X-His) box polypeptide 58
discs, large homolog 1 (Drosophila)
dispanin subfamily A member 2b
DLA class II histocompatibility antigen, DR-1 beta chain-like
DnaJ (Hsp40) homolog, subfamily A, member 3
docking protein 6
dual specificity phosphatase 10
duodenase-1-like
dynactin 1
E3 ubiquitin-protein ligase TRIM39-like
E3 ubiquitin-protein ligase TRIM39 pseudogene
E3 ubiquitin-protein ligase TRIM56-like
eomesodermin
epiregulin
excision repair cross-complementation group 1
exonuclease 1
exosome component 3
extracellular matrix protein 1
family with sequence similarity 105, member A
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Table D.1 continued
Gene
family with sequence similarity 177, member A1
family with sequence similarity 83, member E
Fanconi anemia, complementation group F
Fas cell surface death receptor
Fc fragment of IgE, high affinity I, receptor for; gamma polypeptide
feline Gardner-Rasheed sarcoma viral oncogene homolog
feline sarcoma oncogene
fer (fps/fes related) tyrosine kinase
ficolin-1-like
ficolin-2-like
ficolin (collagen/fibrinogen domain containing) 3
fucokinase
FYN oncogene related to SRC, FGR, YES
G-protein coupled receptor 183-like
G patch domain and KOW motifs
gastrula zinc finger protein XlCGF57.1-like
GATA binding protein 3
glucosaminyl (N-acetyl) transferase 3, mucin type
glutamyl-prolyl-tRNA synthetase
glutathione peroxidase 1
glutathione peroxidase 2 (gastrointestinal)
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Table D.1 continued
Gene
glycosylphosphatidylinositol specific phospholipase D1
granzyme-like protein 2
GRB2-associated binding protein 2
growth arrest-specific 6
GTP cyclohydrolase 1
GTP cyclohydrolase 1-like
H-2 class II histocompatibility antigen, A-R alpha chain-like
H-2 class II histocompatibility antigen, E-S beta chain-like
H2.0-like homeobox
heat shock 60kDa protein 1 (chaperonin)
hemopexin
heparan sulfate (glucosamine) 3-O-sulfotransferase 4
HLA class II histocompatibility antigen, DP alpha 1 chain-like
HLA class II histocompatibility antigen, DR alpha chain-like
HLA class II histocompatibility antigen, DR beta 5 chain-like
HLA class II histocompatibility antigen, DRB1-15 beta chain-like
immunoresponsive 1 homolog (mouse)
importin 11
indoleamine 2,3-dioxygenase 1
inositol polyphosphate-5-phosphatase, 145kDa
insulin-like growth factor 1 receptor
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Table D.1 continued
Gene
integrin alpha-L-like
interferon-induced guanylate-binding protein 1
interferon-induced guanylate-binding protein 1-like
interferon-induced protein 44-like
interferon-induced protein with tetratricopeptide repeats 1-like
interferon-induced protein with tetratricopeptide repeats 5
interferon induced transmembrane protein 5
interferon kappa-like
interferon regulatory factor 3
interferon regulatory factor 7
interferon regulatory factor 8
interferon, kappa
interleukin-1 receptor-associated kinase 1
interleukin-36 receptor antagonist protein
interleukin 1 receptor-like 1
interleukin 12 receptor, beta 1
interleukin 12A
interleukin 12B
interleukin 18
interleukin 18 receptor 1
interleukin 20 receptor beta
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Table D.1 continued
Gene
interleukin 23 receptor
interleukin 27 receptor, alpha
interleukin 4 receptor
interleukin 6
interleukin 7 receptor
ISG15 ubiquitin-like modifier
Janus kinase 2
Janus kinase 3
kelch-like family member 24
kelch-like family member 35
kelch-like family member 38
kelch-like family member 6
kelch repeat and BTB (POZ) domain containing 8
keratin, type II cytoskeletal 1-like
killer cell lectin-like receptor subfamily B member 1B allele C
killer cell lectin-like receptor subfamily F member 1
killer cell lectin-like receptor subfamily G member 1
kynureninase
lectin, galactoside-binding, soluble, 2
lectin, galactoside-binding, soluble, 8
leucine rich repeat (in FLII) interacting protein 2
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Table D.1 continued
Gene
leucine rich repeat containing 70
lymphocyte-specific protein tyrosine kinase
lymphocyte cytosolic protein 1 (L-plastin)
lymphotoxin alpha
lysosomal trafficking regulator
Mab-21 domain containing 1
macrophage migration inhibitory factor
major histocompatibility complex class I-related gene protein-like
mannan-binding lectin serine peptidase 1
mannan-binding lectin serine peptidase 2
mast cell protease 1A-like
mast cell protease 3-like
mediator of RNA polymerase II transcription subunit 1-like
melanotransferrin-like
membrane-associated ring finger (C3HC4) 1, E3 ubiquitin protein ligase
membrane cofactor protein-like
mitochondrial carrier 2
mitogen-activated protein kinase-activated protein kinase 2
mitogen-activated protein kinase kinase 7
mitogen-activated protein kinase kinase kinase 14
mothers against decapentaplegic homolog 6-like
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Table D.1 continued
Gene
mucosa-associated lymphoid tissue lymphoma translocation protein 1-like
mucosa associated lymphoid tissue lymphoma translocation gene 1
mutL homolog 1
mutS homolog 6
myelin-oligodendrocyte glycoprotein-like
myosin IF
myosin light chain, phosphorylatable, fast skeletal muscle
N(alpha)-acetyltransferase 25, NatB auxiliary subunit
NACHT, LRR and PYD domains-containing protein 1-like
NACHT, LRR and PYD domains-containing protein 12-like
natural killer cells antigen CD94-like
NCK-associated protein 1-like
Nedd4 family interacting protein 1
negative regulator of ubiquitin-like proteins 1
NK2 homeobox 3
NLR family member X1
NLR family, CARD domain containing 5
nuclear factor of activated T-cells, cytoplasmic 2-like
nuclear fac. of kappa light polypep. gene enhancer in B-cells 2 (p49/p100)
nuclear fac. of kappa light polypep. gene enhancer in B-cells inhibitor, alpha
olfactomedin-4-like
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Table D.1 continued
Gene
olfactomedin-like
olfactomedin 4
oncoprotein induced transcript 3
opioid receptor, kappa 1
OTU deubiquitinase 7B
OTU deubiquitinase with linear linkage specificity
ovostatin-like
paired amphipathic helix protein Sin3a-like
PAX interacting (with transcription-activation domain) protein 1
peptidase domain containing associated with muscle regeneration 1
peptidoglycan recognition protein 2
peptidoglycan recognition protein 3-like
peroxisome proliferator-activated receptor gamma
phosphatidylinositol 4-kinase type 2 alpha
phosphodiesterase 4B, cAMP-specific
phosphodiesterase 4C, cAMP-specific
phosphodiesterase 4D, cAMP-specific
phosphoinositide-3-kinase adaptor protein 1
phospholipase A2, group IB (pancreas)
phospholipase A2, minor isoenzyme-like
phospholipase C, gamma 1
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Table D.1 continued
Gene
phospholipase D2-like
phospholipid scramblase 2
phospholipid scramblase family, member 5
pleckstrin hom. domain contain., family A (phosphoinositide bind. spec.)
member 1
poliovirus receptor-related 2 (herpesvirus entry mediator B)
poly (ADP-ribose) polymerase family, member 9
poly [ADP-ribose] polymerase 9-like
polymerase (RNA) III (DNA directed) polypeptide C (62kD)
polymerase (RNA) III (DNA directed) polypeptide D, 44kDa
polymerase (RNA) III (DNA directed) polypeptide F, 39 kDa
polymerase (RNA) III (DNA directed) polypeptide G (32kD)
polymerase (RNA) III (DNA directed) polypeptide G (32kD)-like
potassium channel tetramerization domain containing 7
POU class 2 homeobox 2
presenilin 2
programmed cell death 1 ligand 2-like
proteasome (prosome, macropain) subunit, beta type, 4
protein kinase C, beta
protein kinase C, delta
protein kinase C, epsilon
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Table D.1 continued
Gene
protein kinase C, theta
protein kinase C, zeta
protein kinase D2
protein phosphatase 2, regulatory subunit B&apos;&apos;, gamma
protein phosphatase 3, catalytic subunit, beta isozyme
protein tyrosine phosphatase, non-receptor type 2
protein tyrosine phosphatase, non-receptor type 22 (lymphoid)
protein tyrosine phosphatase, non-receptor type 6
protein tyrosine phosphatase, receptor type, C
protein tyrosine phosphatase, receptor type, N polypeptide 2
purine nucleoside phosphorylase
purinergic receptor P2X, ligand-gated ion channel, 7
pyroglutamyl-peptidase I-like
RAB guanine nucleotide exchange factor (GEF) 1
RAB17, member RAS oncogene family
RAB27A, member RAS oncogene family
RanBP-type and C3HC4-type zinc finger containing 1
rano class II histocompatibility antigen, A beta chain-like
RAR-related orphan receptor C
RAS guanyl releasing protein 1 (calcium and DAG-regulated)
receptor-interacting serine-threonine kinase 2
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Table D.1 continued
Gene
receptor-interacting serine/threonine-protein kinase 2-like
regulator of cell cycle
retinoic acid receptor, alpha
Rho guanine nucleotide exchange factor (GEF) 37
RIB43A domain with coiled-coils 1
ribonuclease-like
ribosomal protein L13a
ribosomal protein S6 kinase, 90kDa, polypeptide 3
ribosomal protein S6 kinase, 90kDa, polypeptide 6
ring finger and CCCH-type domains 1
ring finger and CCCH-type domains 2
ring finger protein 135
ring finger protein 19B
ring finger protein 31
S100 calcium binding protein A14
SAM and SH3 domain-containing protein 1
SAM and SH3 domain containing 3
SAM domain and HD domain 1
SAM domain, SH3 domain and nuclear localization signals 1
Sec61 alpha 1 subunit (S. cerevisiae)
sema domain, Ig, TM and short cytoplasmic domain, (semaphorin) 4A
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Table D.1 continued
Gene
sema domain, Ig, TM and short cytoplasmic domain, (semaphorin) 4B
semaphorin-7A-like
semaphorin 7A, GPI membrane anchor (John Milton Hagen blood group)
serine/threonine kinase 11
serpin peptidase inhibitor, clade G (C1 inhibitor), member 1
SH2 domain containing 1A
SH2 domain containing 1B
SH2B adaptor protein 2
sialidase 2 (cytosolic sialidase)
signal transducer and activator of transcription 6, interleukin-4 induced
SIN3 transcription regulator family member A
sirtuin 1
SMAD family member 6
solute carrier family 26 (anion exchanger), member 6
solute carrier family 26 (anion exchanger), member 8
solute carrier family 26 (anion exchanger), member 9
solute carrier family 26, member 10
solute carrier family 30 (zinc transporter), member 8
spinster homolog 1 (Drosophila)
spinster homolog 2 (Drosophila)
spinster homolog 3 (Drosophila)
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Table D.1 continued
Gene
spleen tyrosine kinase
src kinase associated phosphoprotein 1
src kinase associated phosphoprotein 2
steroidogenic acute regulatory protein
steroidogenic acute regulatory protein, mitochondrial-like
stomatin (EPB72)-like 2
strawberry notch homolog 1 (Drosophila)
strawberry notch homolog 2 (Drosophila)
suppressor of cytokine signaling 5
suppressor of cytokine signaling 5-like
suppressor of Ty 6 homolog (S. cerevisiae)
suppressor of variegation 3-9 homolog 1 (Drosophila)
SWAP switching B-cell complex 70kDa subunit
synaptotagmin binding, cytoplasmic RNA interacting protein
syntaxin 11
syntaxin 19
syntaxin binding protein 2
syntaxin binding protein 3
T-box 21
TANK-binding kinase 1
tec protein tyrosine kinase
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Table D.1 continued
Gene
tetraspanin 19
thaicobrin-like
thrombospondin 1
thymocyte selection associated
thymocyte selection associated family member 2
TLR4 interactor with leucine-rich repeats
TNF receptor-associated factor 1-like
TNF receptor-associated factor 2
TNF receptor-associated factor 3
TNF receptor-associated factor 6, E3 ubiquitin protein ligase
TNFAIP3 interacting protein 2
TNFAIP3 interacting protein 3
toll-interleukin 1 receptor (TIR) domain containing adaptor protein
toll-like receptor 13
toll-like receptor 2
toll-like receptor 7
toll-like receptor 8
toll-like receptor adaptor molecule 1
toll-like receptor adaptor molecule 2
transferrin
transforming growth factor, beta 2
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Table D.1 continued
Gene
transforming growth factor, beta 3
transforming growth factor, beta receptor III
transforming growth factor, beta receptor III-like
transient receptor potential cation channel subfamily M member 4-like
transient receptor potential cation channel, subfamily M, member 4
translation machinery associated 16 homolog (S. cerevisiae)
transmembrane protein 125
transmembrane protein 167A
tripartite motif-containing protein 10-like
tripartite motif-containing protein 7-like
tripartite motif containing 56
tumor necrosis factor (ligand) superfamily, member 13b
tumor necrosis factor receptor superfamily member 14-like
tumor necrosis factor receptor superfamily member 5-like
tumor necrosis factor receptor superfamily, member 14
tumor necrosis factor, alpha-induced protein 3
TXK tyrosine kinase
tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation protein, zeta
UBA domain containing 2
unc-13 homolog D (C. elegans)
unc-93 homolog B1 (C. elegans)

236

Table D.1 continued
Gene
uncharacterized LOC101938270
uncharacterized LOC101938480
uncharacterized LOC101940718
uncharacterized LOC101941368
uncharacterized LOC101944094
uncharacterized LOC101945191
uncharacterized LOC101945921
uncharacterized LOC101945971
uncharacterized LOC101948866
uncharacterized LOC101948974
uncharacterized LOC101949200
uncharacterized LOC101949947
uncharacterized LOC101950806
uncharacterized LOC101950941
uncharacterized LOC101950982
uncharacterized LOC101951626
uncharacterized LOC103305939
uncharacterized LOC103305969
uncharacterized LOC103305996
uncharacterized LOC103306364
uncharacterized LOC103306443
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Table D.1 continued
Gene
uncharacterized LOC103306956
uncharacterized LOC103307015
uncharacterized protein-like
v-kit Hardy-Zuckerman 4 feline sarcoma viral oncogene homolog
v-rel avian reticuloendotheliosis viral oncogene homolog A
v-rel avian reticuloendotheliosis viral oncogene homolog B
v-yes-1 Yamaguchi sarcoma viral related oncogene homolog
vav 1 guanine nucleotide exchange factor
vav 3 guanine nucleotide exchange factor
VCP-interacting membrane protein
veficolin-1-like
venom factor-like
wingless-type MMTV integration site family, member 5A
Wiskott-Aldrich syndrome
X-ray repair complementing defective repair in Chinese hamster cells 4
Z-DNA binding protein 1
zeta-chain (TCR) associated protein kinase 70kDa
zinc-binding protein A33-like
zinc finger and BTB domain containing 41
zinc finger protein 239-like
zinc finger protein 271-like
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Table D.1 continued
Gene
zinc finger protein 418-like
zinc finger protein 436-like
zinc finger protein 501-like
zinc finger protein 551-like
zinc finger protein 572-like
zinc finger protein 850-like
zinc finger protein 883-like
zinc finger protein RFP-like
zinc finger, SWIM-type containing 7
zona pellucida sperm-binding protein 3-like
zona pellucida sperm-binding protein 4-like
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